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ABSTRACT 
 
 Microbial communities are at the heart of important ecosystem functions such as 
decomposition and the mineralization of nutrients.  Thus, understanding the factors that 
shape the spatial distribution of microbial communities is important in order to predict the 
ecosystem services they support and biogeochemical feedbacks to climate change. Both 
edaphic factors and plants shape microbial communities, yet the integrated influence of these 
factors on microbial community dynamics is largely unknown. The goal of this research was 
to quantify how edaphic conditions affect microbial abundance, composition and diversity 
and subsequent changes in microbial activity under different cropping systems. To address 
this goal, I conducted studies at the Landscape Biomass Project, Boone County, IA, using an 
annual (continuous corn) and perennial (switchgrass) cropping systems replicated at three 
landscape positions along a topographic gradient. In addition, I investigated the effect of land 
use on variation in microbial variables along a transect across a cultivated corn field and an 
uncultivated switchgrass monoculture. 
Cropping system was found to be a stronger driver of microbial diversity and activity 
than landscape position, with consequences for rates of decomposition. In contrast, microbial 
community abundance and composition were most strongly shaped by landscape position. 
This disparity between drivers of microbial communities and activity suggests an important, 
but often overlooked, temporal component to our predictions of microbial parameters – 
where the soil environment over longer temporal scales shapes community membership and 
shorter temporal dynamics associated with plants shape a small but consistent group of 
microbes and community activity.  Spatial modeling using wavelet analysis indicated 
xiii 
 
 
microbial communities and enzyme activity were structured by fine-scale environmental 
heterogeneity, both within and across land use.  We also detected a distinct signature of 
homogenization of microbial communities and stochastic community assembly in the 
cultivated soil. Correlations between microbial communities and enzyme activity revealed 
scale-specific relationships, suggesting the importance of microbial abundance to nitrogen 
and phosphorus cycling enzymes and microbial community structure to carbon cycling 
enzymes.  Results highlight the importance of scale to understanding the biological 
mechanisms regulating ecosystem functions, which has implications for predicting 
biogeochemical cycling. 
 
 
 
  
1 
CHAPTER 1 
GENERAL INTRODUCTION 
 
Understanding the factors that structure organisms in space is a fundamental pursuit 
in ecology and, for microorganisms specifically, the common thread throughout the chapters 
of my dissertation. This is because soil microbes and the biogeochemical transformations 
they mediate exhibit spatial structure (Ettema and Wardle 2002, Martiny et al. 2006, Baldrian 
and Valášková 2008, Baldrian 2014). Therefore, before we can predict microbial processes, it 
is necessary to understand the factors structuring microbial communities. This is particularly 
prudent for managed ecosystems, where an understanding could directly influence on-the-
ground decision-making (Green and Bohannan 2006). Predicting these factors, and in turn 
how organismal responses will influence the ecosystems processes they mediate, requires an 
approach across scales that links differences in community abundance, composition and 
diversity to function (Levin 1992).  
Seminal research findings from the past decade shaped the motivation and rationale 
behind my dissertation research. Previous studies on a variety of ecosystem functions 
demonstrated that microbial communities are not functionally redundant. Shifts in bacterial 
community composition, evenness and richness can change rates of CO2 production, N2O 
production and decomposition rates (Strickland et al. 2009, Wittebolle et al. 2009). In 
addition, spatial modeling has shown that microorganisms are not randomly distributed in 
space (Ritz et al. 2004, Philippot et al. 2009, Franklin and Mills 2009), suggesting the spatial 
structuring of microbial communities has important ramifications for ecosystem process 
rates. Variation in microbial communities often has a predictable spatial structure that is 
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linked to edaphic factors that co-vary at different scales. Most recently, work on the 
rhizosphere – the soil environment in direct contact with plant roots – demonstrates that 
microbial communities are shaped by plant-specific interactions (Berg and Smalla 2009, 
Berendsen et al. 2012, Philippot et al. 2013). Overall, these findings suggest that microbial 
communities and the ecosystem functions they govern are determined by complex 
interactions between edaphic factors and plant-microbe linkages that manifest across scales.  
Following this rationale, the general approach to my research dissertation was to 
evaluate changes in microbial communities sampled from field experiments by coupling 
microbial biomass (bacteria, archaea, and fungi), PCR-based methods for gene abundance, 
and new advances in sequencing technology to capture community composition, richness and 
diversity. The PCR and sequencing technologies utilize the 16S rRNA gene, a phylogenetic 
biomarker that identifies bacteria and archaea. 16S rRNA-based inferences from 
environmental samples are usually made at broad phylogenetic resolution (e.g. phyla, order). 
Despite the fact that bacteria and archaea transfer genes horizontally and evolve quickly 
(Vasi et al. 1994), a growing body of literature suggests life history strategy and other traits 
(Philippot et al. 2010) may be predicted by taxonomy at broad levels (Fierer et al. 2007). 
These results provide support for the hypothesis that shifts in species composition as 
determined by 16S rRNA genes can alter the function of whole communities (Evans and 
Wallenstein 2013). Using the 16S rRNA gene, I estimated community composition, 
Shannon’s H’ diversity, richness, and evenness. I define community composition as the 
Bray-Curtis compositional dissimilarity between two communities. Microbial richness 
simply counts the number of operational taxonomic units (OTUs) in a community and 
evenness accounts for how evenly distributed different OTUs are distributed; Shannon’s H’ 
  
3 
accounts for both the number of different species and how evenly they are distributed.  
Communities can have similar richness and evenness but be compositionally dissimilar if 
OTUs between them differ. To relate microbial communities to function, I measured 
extracellular enzyme activity (Chapters 2-5), potential microbial respiration (Chapter 2) and 
potential net N mineralization (Chapter 2). Extracellular enzymes, released by heterotrophic 
microorganisms, allow access to C and other nutrients (e.g. N and P). In this way, 
extracellular enzyme activity is directly linked to decomposition and soil organic matter 
formation, which in turn improves soil fertility and reduces nutrient losses (Drinkwater and 
Wagoner 1998, Gattinger et al. 2012). Potential respiration and net N mineralization rates 
provide an index of metabolic activity and N cycling of the microbial community, 
respectively. 
To address my research questions, I chose a context relevant to the ecology of Iowa: 
perennial (switchgrass) cellulosic biofuel production, with an annual (corn)-based cellulosic 
feedstock system as my reference or control. Perennial cropping systems are receiving 
considerable attention owing to their potential for nutrient, water, and soil conservation at an 
ecosystem scale (Robertson et al. 2011). While the fate of C and N depends in part on the 
activity of soil microorganisms, feedbacks between perennial crops and microbes are largely 
undocumented (Mao et al. 2012).  
A few important features of crop management are expected to shape the response of 
microbial communities to perennial cropping systems. First, these crops will likely be 
targeted to erodible, nutrient poor and flood-prone sites where conventional crop production 
is limited (Gelfand et al. 2013). From a landscape perspective, this strategy has benefits for 
the provisioning of ecosystem services such as soil, C and nutrient retention (Schulte et al. 
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2006). It also means that microbial responses to perennial cropping systems must be studied 
across a gradient of edaphic conditions. Second, most of the aboveground perennial biomass 
will be removed for production, retaining little litter in the system for microbial 
decomposition. Thus, differences in rooting systems between annual and perennial plants are 
particularly important to belowground responses. Finally, despite seasonal partitioning of N 
between above- and belowground tissues, switchgrass responds well to N fertilization (Vogel 
et al. 2002, Heaton 2004). Therefore, in order to compete with grain-based biofuels, N 
fertilization is a realistic component of these systems in many parts of the US. 
By focusing on a fertilized perennial cropping system across a topographic gradient, I 
was able to help fill an important knowledge gap and integrate microbial responses to plant 
and edaphic factors in a managed ecosystem and across scales. A central hypothesis of this 
research is that plant-specific effects interact with edaphic factors to shape the distribution of 
soil microbial communities and activity. Further, because soil properties and microbial 
communities vary at different scales, I hypothesized that the extent to which they influence 
microbial activity will also depend on scale.  
 
Thesis Organization 
This dissertation includes six chapters. Chapter one is a general introductory chapter 
summarizing my dissertation research and providing brief background and rationale of my 
research goals. Chapter 2 is published in Biogeochemistry (open access), Special Issue 
“Enzymes in the Environment: Incorporating Enzymes and Microbial Physiology into 
Biogeochemical Models”, and evaluates the influence of cropping system and edaphic factors 
for microbial enzyme activity, with a specific focus on how enzyme activity should be 
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parameterized in biogeochemical models. Additional data not published in the manuscript is 
also presented in Supplementary Material, including data on the rotational cropping system 
(sorghum/triticale) and microbial biomass data from 2012. Chapter 3 is a methods paper that 
will be published in an open access repository, and describes methodological changes that 
increase analytical precision of soil enzyme assays. Chapters 4 and 5 are targeted for 
publication in scientific journals. Working from questions arising as a result of Chapter 2, 
Chapter 4 evaluates the response of soil microbial community composition and diversity to 
cropping system and edaphic factors. Chapter 5 integrates soil microbial communities and 
their activity to quantify spatial heterogeneity and explores ramifications of this variation for 
scaling microbially-mediated functions.  Chapter 6 summarizes conclusions, insights, and 
potential future directions.  
Data acquisition, statistical analyses, and the preparation of the text were the 
responsibility of the candidate. Dr. Kirsten Hofmockel provided guidance and editorial 
advice on all chapters; Ryan Williams provided statistical advice and analyses on Chapter 4; 
and Dr. Alice Milne provided statistical and editorial advice on Chapter 5. All collaborators 
appear as co-authors on respective chapters. 
Funding for this research was provided by grants from the USDA Agriculture and 
Food Research Initiative and Leopold Center for Sustainable Agriculture to Tom Isenhart and 
Kirsten Hofmockel, and a National Science Foundation Doctoral Dissertation Improvement 
Grant and Graduate Student Research Grants from Department of Ecology, Evolution and 
Organismal Biology to the candidate. The Department of Ecology, Evolution and Organismal 
Biology provided additional support during my studies. 
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CHAPTER 2 
PHYSIOLOGICAL SHIFTS IN THE MICROBIAL COMMUNITY DRIVE 
CHANGES IN ENZYME ACTIVITY IN A PERENNIAL AGROECOSYSTEM 
 
A paper published in Biogeochemistry, Vol. 117, Issue 1 (2014) pp, 67-79 
doi.org/10.1007/s10533-013-9893-6 (open access) 
Sarah K. Hargreaves and Kirsten S. Hofmockel 
Abstract 
Perennial agroecosystems have the potential to promote plant-microbial linkages by 
increasing the quantity of root carbon entering the soil. However, an understanding of how 
perennial cropping systems affect microbial communities remains incomplete. The objective 
of this study was to determine the potential for a fertilized perennial bioenergy cropping 
system to impact microbial growth and enzyme activity. Three times throughout the growing 
season we examined the activity of four enzymes involved in decomposition (ß–glucosidase, 
ß–xylosidase, cellobiohydrolase, and N-acetyl glucosaminidase) in replicated plots of an 
annual (corn) and perennial-based (switchgrass) cropping system. We also took simultaneous 
measurements of microbial biomass and potential rates of microbial respiration and net N 
mineralization. Microbial biomass was unaffected by cropping system. Mid-summer, 
however, we observed increases in enzyme activity and potential microbial respiration in the 
perennial system that were independent of microbial biomass, likely in response to labile 
carbon inputs. Further, we observed lower net N mineralization, higher microbial biomass 
nitrogen and higher activity of nitrogen liberating enzymes, which are indicative of a 
community with high nitrogen demands. Overall, our research demonstrates that perennial 
agroecosystems can affect the physiological capacity of the microbial community, yielding 
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communities with greater nitrogen retention and greater rates of decomposition as a result of 
allocation of resources towards enzyme production and nitrogen mining. These results can 
inform biogeochemical models with respect to the importance of temporally dynamic 
changes in carbon and nitrogen availability and microbial carbon use efficiency as drivers of 
enzyme production. 
Introduction 
Soil microbial communities play a significant role in global carbon (C) and nitrogen 
(N) cycling. They are responsible for the majority of organic matter decomposition (Swift et 
al. 1979) and govern processes of N uptake and loss (Canfield et al. 2010). In addition to 
abiotic factors (Baer et al. 2010; Kemmitt et al. 2008), microbial processes depend on 
linkages with plants. For example, variation in plant inputs arising from differences in 
species composition, plant productivity, and resource allocation, impact soil microbial 
activity by altering the quality and quantity of organic matter entering the soil via root and 
leaf litter and root exudates (Hooper et al. 2000; Kuzyakov 2010; Wardle 2004; Wardle 
2002). Thus, the response of microbial communities to plant inputs can have important 
implications for nutrient cycling and ecosystem functioning. 
Much of the research on plant-microbial linkages has occurred in the context of 
natural ecosystems (Balser and Firestone 2005; Strickland et al. 2009; Waldrop and Firestone 
2006), while the role of plant-microbial linkages in agricultural systems is not well studied 
(de Vries and Bardgett 2012). This is despite the fact that approximately one sixth of the land 
in the United States is devoted to agriculture (USDA 2007). Moreover, there is increased 
recognition that microbial communities are critical to the long-term productivity of 
agricultural ecosystems (Altieri 1999; Brussaard et al. 2007; Heijden and Wagg 2012) and 
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sensitive to land management (Baer et al. 2002; Bandick and Dick 1999; Joergensen and 
Emmerling 2006; Lagomarsino et al. 2009). Identifying specific plant-microbial linkages, 
therefore, is key to modeling the fate of C and N in agroecosystems, especially for economies 
like bioenergy production that seek to balance high energy production with environmental 
benefits (Jordan et al. 2007). 
The significance of plant inputs to soil microbial processes depends in part on C 
availability, which is often the main factor limiting microbial growth and activity (Burford 
and Bremner 1975; Fierer et al. 2009; Wang et al. 2003; Wardle 1992; Zak et al. 1994). To 
gain access to C, microbes synthesize extracellular enzymes that decompose particulate and 
mineral associated organic matter (Asmar et al. 1994; Burns et al. 2002; Sinsabaugh and 
Moorhead 1994).  In this way, extracellular enzymes are considered the proximal drivers of 
decomposition and are important for the stabilization of soil organic matter (Six et al. 2006). 
Enzyme production requires energy, however, so enzyme patterns reflect not only the 
quantity of C in a system, but the availability of relatively labile C, such as root rhizodeposits 
(Schimel and Weintraub 2003). For example, previous laboratory and field experiments have 
demonstrated that additions of cellulose, representing fresh organic matter, can stimulate 
cellulose-degrading enzymes (Fontaine et al. 2004b) and lignin-degrading enzymes (Talbot 
and Treseder 2012).  
Given the stoichiometric requirements of microorganisms, it is not possible to fully 
understand plant effects on microbial C cycling without considering how C concentrations 
affect N availability (Barrett and Burke 2002; Fontaine et al. 2004a; Reich et al. 2006; 
Sinsabaugh et al. 2008). For example, Phillips and colleagues (2010) found that microbes in 
relatively C-rich environments like the rhizosphere become N-limited such that energy from 
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labile root exudates is used to produce enzymes that mineralize N–rich organic matter. 
Depending on the dynamics between plant and microbial uptake, mineralized N is retained 
by the microbial community through rapid immobilization (Kuzyakov et al. 2000; Vitousek 
and Matson 1984). In these cases, turnover rates of the microbial biomass increase but 
microbial activity associated with decomposition remain stable (Kuzyakov et al. 2000). At 
other times increased microbial activity can lead to faster rates of SOM decomposition 
(“priming”) and subsequent release of plant available N (Bengtson et al. 2012; Dijkstra et al. 
2009; Jingguo and Bakken 1997; Phillips et al. 2010) as a result of increased predation on 
bacteria or competition for N by plants, for example (Clarholm 1985; Griffiths and Robinson 
1992; Kuzyakov et al. 2000).  
Perennial cropping systems, such as those proposed for cellulosic bioenergy 
production, may promote plant-microbial linkages because of their extensive root networks 
and allocation of belowground C. The development of perennial root systems during 
grassland restoration represents a significant source of C inputs to soils that stimulates 
microbial biomass and activity and can change community composition (Allison et al. 2005; 
Bach et al. 2010; Baer et al. 2010; Barrett and Burke 2000; Camill et al. 2004; McKinley et 
al. 2005). Carbon additions from perennial root systems may also affect microbial 
communities in cultivated soils. Previous work in annual agroecosystems has demonstrated 
that greater C additions from the application of organic residues, cover crops (Bandick and 
Dick 1999), or diverse crop rotations (Dodor and Tabatabai 2002; Dodor and Tabatabai 
2003) increase microbial biomass and enzyme activity as compared to conventionally 
managed cropping systems. However, N addition has been shown to suppress microbial 
growth, an effect that is most pronounced in ecosystems that receive high rates of N 
  
12 
fertilization over long durations like agricultural ecosystems of the US corn belt (Liebig et al. 
2002; Treseder 2008). Therefore, microbial response to greater root C in intensively managed 
perennial agroecosystems remains largely unknown.  
Resolving the dominant plant-microbial linkages in agroecosystems is critical to our 
ability to model the biogeochemical outcomes of these ecosystems. To partially fill this 
knowledge gap, the goal of this study was to discern short-term potential for plant-microbial 
linkages associated with C and N cycling in a perennial agroecosystem managed intensively 
for bioenergy production. Specifically, we tested whether microbial communities associated 
with a perennial cropping system differed in biomass, enzyme activity and potential 
mineralization rates as compared to an annual cropping system. We predicted that the 
perennial crop, with greater allocation of C belowground, would stimulate the activity of 
enzymes associated with C and N cycling. We predicted that changes in enzyme activity 
would be coupled to microbial biomass, and increase with increasing microbial biomass in 
the perennial agroecosystem. Furthermore, we predicted that microbial growth would result 
in concurrent increases in microbial respiration and N retention, as the utilization of C would 
increase microbial demand for N and reduce net N mineralization rates in the perennial 
system relative to the annual agroecosystem (Baer et al. 2010; Baer et al. 2002; Barrett and 
Burke 2000; Camill et al. 2004).  
 
Methods 
Study Site 
The study was conducted as part of the Landscape Biomass Project at the Uthe 
Research & Demonstration Farm, Boone County, Iowa, USA (41°55'N, 93°45'W) during the 
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2011 growing season (1 June – 23 August).  Soils at the site are classified as fine-loamy 
Hapludoll Mollisols and follow a topographic gradient. The slope on the summit and 
floodplain is approximately 0.5% and the side slope is approximately 2.5%. For the soils 
sampled in this study there were no significant changes in soil organic carbon (average 17.2 g 
kg
-1
), total soil N (average of 1.42 g kg
-1
), bulk density (average of 1.57 g cm
-3
), or soil 
texture (average of 49.4% silt + clay) (Ontl et al. 2013). Prior to study initiation, the upland 
was managed under a corn-soybean rotation, with corn in rotation before the establishment of 
the research plots. Total precipitation at the site from 1 April to 31 October 2011 was 644 
mm, which was slightly below the 20-yr average of 662 mm. Mean annual temperature was 
8.9C and average daily temperatures were within the range of 20 yr data for the period of 
the study (Ontl et al. 2013). 
Experimental Design 
To assess the impact of perennial agroecosystems on microbial biomass and activity, 
we sampled from experimental plots of two cellulosic bioenergy cropping systems, or 
agroecosystem types, consisting of no-till cultivation of an annual crop (continuous corn, Zea 
mays L.; “annual”) and a perennial monoculture (switchgrass, Panicum virgatum L., cv: 
‘Cave-In-Rock’; “perennial”). Both crops were replicated three times on three topographic 
positions (summit, back slope, and toe slope) following a randomized complete block design 
(n=3). Each experimental plot was approximately 0.05 ha. The experiment was established in 
May 2009, at which point the perennial crop of switchgrass was planted. In 2011, the corn 
crop was planted and corn and switchgrass plots were fertilized on 10 May. Nitrogen 
fertilization was based on nutrient demands of crops (Vogel et al. 2002) and was applied at a 
rate of 168 kg urea-N ha
-1 
for corn and 134 kg urea-N ha
-1
 for switchgrass. Both cropping 
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systems received 56 kg P2O5 ha
-1
 and 112 kg KCl ha
-1
. Corn grain was harvested in October 
by combining followed by a second pass with a flail chopper to clear the stover. Switchgrass 
was harvested after the first hard frost in November to ensure translocation of N into roots 
(Wilson et al. 2012). At harvest, maximum aboveground biomass was removed, leaving 
~10% of the aboveground biomass for both corn and switchgrass.  
Soil samples were collected from the 18 experimental plots on 1 June (spring), 13 
July (mid summer), and 23 August (late summer) 2011. On each sampling date, ten randomly 
distributed soil cores (2.2 cm in diameter x 15 cm depth) were collected from each plot and 
composited, then sieved to 4‐mm in the lab. Our study focused on bulk soil to ensure any 
changes we observed were detectable at the plot scale and, therefore, interpretable at scales 
relevant to land management.  
Microbial biomass and soil characteristics 
Each composited sample was analyzed for microbial biomass C (MBC) and microbial 
biomass N (MBN), extractable nitrate (NO3
- 
) and ammonium (NH4
+
), salt-extractable 
organic C, soil moisture, and pH.  Microbial biomass C and N were measured using direct 
chloroform-fumigation-extraction (modified from Vance et al. 1987). Extracts were analyzed 
for non-purgeable organic C and total N via combustion catalytic oxidation (Shimadzu TOC-
L analyzer, Shimadzu Corporation, Columbia, Maryland, USA), and conversion factors of 
0.45 for C and 0.54 for N were used to convert organic C and N to microbial biomass 
(Brookes et al. 1985; Vance et al. 1987). Salt-extractable organic C was measured as non-
purgeable organic C in the unfumigated 0.5M K2SO4 extracts. Similarly, unfumigated 
samples were used to measure extractable NO3
- 
and NH4
+
 concentrations via 
spectrophotometry (BioTek Synergy HT plate reader, BioTek Instruments, Inc., Winooski, 
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VT, USA; Hood-Nowotny et al. 2010). Soil pH was measured in a 1:1 ratio of soil and water. 
Gravimetric moisture content was measured as water mass loss upon drying at 105°C to a 
constant weight, and used to determine soil moisture and soil wet-weight to dry-weight 
ratios. 
Extracellular enzymes 
We analyzed the potential activity of four hydrolytic enzymes involved in carbon and 
nitrogen cycling: ß-1,4-glucosidase (BG, which hydrolyzes cellobiose into glucose), ß-1,4-
xylosidase (BX, which degrades hemicellulose), cellobiohydrolase (CB, an exocellulase), 
and ß-N-acetyl-glucosaminidase (NAG, which breaks down chitin and peptidoglycan, and 
hydrolyses glucosamine from chitobiose). Potential enzyme activities were measured on a 
subsample of sieved soil stored at -20°C, following (German et al. 2011). Briefly, 1 g of soil 
was homogenized with 125 mL of 100 mM maleate buffer titrated to pH 6.5 (German et al. 
2012). Enzyme activity was induced with the addition of methylumbelliferone (MUB)-linked 
substrates. All plates were incubated for 3 hours at 23 ˚C. At the end of the incubation, 10 μL 
1M NaOH was added and plates were read using a fluorometer after a 3-min development 
period (360 nm excitation and 460 nm emission; BioTek Instruments, Inc., Winooski, VT, 
USA).  Eight analytical replicates per sample and substrate combination were run and each 
plate included a MUB standard curve, substrate controls, and homogenate controls.  Enzyme 
activity was calculated as nmol enzyme gram
-1
 dry soil h
-1
 based on MUB standard curves 
and accounting for the quench of each sample (German et al. 2011). Linearity of the reaction 
was confirmed for the 3-hour incubation and all reactions were run at saturating substrate 
concentrations (400 μM for all) as determined for each enzyme with a subsample of soil used 
in this experiment. Given the wide pH range of experimental plots (4.5 – 8.5), we chose to 
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run assays at pH optima, as determined by assessing activity of each enzyme with soils from 
the field site at increments of 0.5 over a pH range of 4 to 8.5 (Burns et al. 2013; Turner 
2010). By doing so, we were best able quantify the enzyme pools as a response to the 
experimental treatments. We also calculated specific enzyme activity by dividing absolute 
enzyme activity by MBC. Specific activity is a metric for understanding whether changes in 
enzyme pools are a function of the size of the microbial community or a shift in the 
physiological capacity of the microbial community (e.g. Waldrop et al. 2000).  
Microbial respiration and net N mineralization  
Potential microbial respiration was measured as C mineralization potential using a 
short-term incubation method (Robertson 1999). Briefly, 15 g sieved soil was brought to 
60% water-holding capacity and incubated for 8 days in the dark in serum bottles capped 
with a rubber butyl septum. Carbon dioxide concentration in the headspace was sampled on 
days 1, 5, and 8 using an infrared gas absorption analyzer (LI-7000 CO2/H2O Gas Analyzer, 
LICOR, Lincoln, NE, USA). After each sampling, flasks were vented to prevent CO2 build-
up and possible inhibition of aerobic respiration. In this way, a measurement of microbial 
respiration rates provides an index for available mineralizable C concentrations. Potential net 
N mineralization was measured as the difference between extractable inorganic N at 
initiation and after a 28-day incubation. Incubations were conducted in the dark, at 22°C and 
60% water holding capacity (Robertson 1999). In addition, microbial respiration and N 
mineralization potentials were calculated as a specific rate, by dividing the absolute rate by 
MBC.  
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Statistical analysis  
When necessary, data were log-transformed to meet assumptions of normality. 
Potential activity of each enzyme, microbial biomass, microbial respiration, net N 
mineralization, and soil nutrients were analyzed using a mixed model analysis for repeated 
measures with agroecosystem type and topographic position as fixed effects, block as a 
random effect, and sampling date as the repeated effect. Covariance structure of the data was 
accounted for using compound symmetry and degrees of freedom were adjusted using a 
Satterthwaite correction. Comparisons among means were analyzed by Tukey’s HSD post-
hoc tests. We also tested the effect at each sampling date using a two-way ANOVA. All 
ANOVAs were analyzed using SAS statistical software (SAS v. 9.2, SAS Institute, Inc, Cary, 
NC, USA). Pearson correlations between enzyme activity and soil physical and chemical 
properties were performed in R (V2.12.2). 
Results 
Soil characteristics 
Soil pH was unaffected by any of the treatments in this study and did not correlate 
with microbial activity or biomass (Table 1). Salt-extractable organic carbon was unaffected 
by any of the treatments tested (P>0.05). Soil moisture varied only by sampling date, and 
became progressively drier from June to August (P<0.05; Table 1). The concentration of 
nitrate in both perennial and annual agroecosystems was lowest late summer and was 
significantly higher in the annual system in June (P<0.01; Table 1). In contrast, ammonium 
concentrations decreased throughout the season in both agroecosystems (P<0.01; Table 1) 
with no other main or interaction effects.  
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Microbial biomass 
Average MBC was greater in the perennial compared to the annual agroecosystem, 
but results were highly variable and we were unable to detect a treatment effect irrespective 
of topographic position and sampling date (P>0.05, Table 2). MBN was 1.3 times higher in 
the perennial agroecosystem compared to the annual system (P=0.02; Table 2) and was 
unaffected by topographic position. We detected no significant interaction effects on 
microbial biomass. 
Enzyme activity 
All four hydrolase enzymes responded similarly throughout the growing season (Fig. 
1). The activity of BG, BX, CB, and NAG increased in the perennial agroecosystem in July 
and was unaffected by agroecosystem type in June and August (agroecosystem x time 
interaction, P<0.05). Compared to the annual system and other sampling dates, average 
activity of BG, BX, CB, and NAG in July was over 150%, 180%, 200%, and 200% higher in 
the perennial agroecosystem, respectively. Similarly, the biomass-specific activity of the 
hydrolase enzymes was over 200% higher in the perennial agroecosystem in July compared 
to the annual system and compared to the other sampling dates in both systems (P<0.01 for 
all; Table 2).  We detected no significant main effects of topographic position or interaction 
effects of topographic position and agroecosystem type on the absolute or specific enzyme 
activities. Of the soil properties examined, total soil N was positively correlated with C 
degrading enzymes, explaining 27% of the variation in BG, 29% in BX, and 29% in CB 
(Supplemental Table 1). CB was positively correlated with soil silt + clay content (r
 
= 0.28, 
P<0.05; Supplemental Table 1).  
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Microbial respiration and net N mineralization 
Average potential microbial respiration in the perennial agroecosystem was higher 
than in the annual system at all topographic positions (P<0.01; Fig. 2). Compared to the 
annual agroecosystem, microbial respiration in the perennial system was stimulated by over 
120% in June, 160% in July, and 120% in August. Specific respiration was higher in the 
perennial agroecosystem only in July (agroecosystem x time, P=0.05; Table 2), with no 
significant main effects of agroecosystem, sampling date, or topographic position (P>0.05 for 
all). Among sampling dates, specific respiration in July was highest for the perennial 
agroecosystem and lowest for the annual system, but these trends were not statistically 
significant (time, P=0.16).  
Greater microbial respiration coincided with reduced rates of net N mineralization in 
the perennial compared to the annual agroecosystem (P<0.01, Fig. 3). Consistent with 
microbial respiration, the effects of agroecosystems were most pronounced in July and 
August, when net N mineralization in the perennial agroecosystem was less than 10% and 
20% that of the annual system, respectively. In contrast, average net N mineralization in June 
was 52% lower in the annual compared to the perennial agroecosystem but this effect was 
not significant (P=0.62). Net N mineralization was positively correlated with soil moisture (r 
= 0.30, Supplemental Table 1) and negatively correlated with salt-extractable organic C (r = -
0.31, Supplemental Table 1). Consistent with the pattern of net N mineralization, specific net 
N mineralization in the perennial system was lower than in the annual system by 36% in 
June, 7% in July, and 25% in August (P<0.01; Table 2). Both net N mineralization and 
specific net N mineralization were higher in June and than in August (P<0.05). 
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Discussion 
Carbon storage and nitrogen retention in agricultural ecosystems may be enhanced if 
perennial species are used as cellulosic biofuel crops (Robertson et al. 2011). Most studies 
examining the biogeochemical benefits of perennial plants have focused on direct effects of 
perennial roots on C storage and N uptake (Glover et al. 2010; Robertson et al. 2011; 
Robertson and Vitousek 2009). Apart from these direct impacts, plants indirectly influence C 
and N cycling through linkages with microbes, which are important to understand in order to 
model the biogeochemistry of these ecosystems (Treseder et al. 2011).  To our knowledge, 
this study is the first to identify plant-microbial linkages in a fertilized perennial monoculture 
cultivated for bioenergy production.  
Contrary to our hypothesis, the perennial cropping system did not affect microbial 
biomass. This was surprising, considering the 3 year old switchgrass had more than twice as 
much annual root production (Ontl et al. 2013) and increases in MBC in response to changes 
in cropping systems have been documented on similar time scales (1-3 years) (Kallenbach 
and Grandy 2011). The lack of effect of the perennial cropping system on microbial biomass 
may be attributable to chronic disturbance associated with intensively managed ecosystems 
(Allison and Martiny 2008; Dethlefsen and Relman 2011; Meier et al. 2007) or the lack of 
coupling of C and N additions in these systems (Kallenbach and Grandy 2011; Lagomarsino 
et al. 2006). Primary inputs of C (root inputs with high C:N) and N (inorganic fertilizer) were 
from different sources, which can result in a temporal disconnect in resource availability and 
subsequent reduction in microbial energy and enzyme efficiency relative to high quality (low 
C:N) organic sources (Hobbie 2005). A legacy of N fertilization can also change the soil 
nutrient and ion status and the physiological capacity of the microbial community, leading to 
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a suppression of microbial growth (Treseder 2008; Ramirez et al. 2012). Therefore, our 
results suggest that microbial growth may be delayed in perennial agroecosystems fertilized 
with inorganic N, such that increases in microbial biomass may only become detectable as 
the crop ages (i.e. decadal time scale) and a new equilibrium SOC is established (Baer et al. 
2002; Debosz et al. 1999; Powlson et al. 1987).  
Consistent with our hypothesis, the perennial cropping system stimulated the activity 
of enzymes involved in organic matter decomposition. Increases in BG, BX, CB, and NAG 
activity occurred only mid summer and, therefore, may reflect phenological patterns of 
relatively labile root inputs (Franzluebbers et al. 1994). Given the almost three-fold 
difference in root inputs in the switchgrass compared to corn (Ontl et al. 2013), greater 
amounts of unprotected fresh root litter from fine root turnover probably induced enzyme 
activity. Of the three sampling dates in this study, July corresponded to the time of greatest C 
inputs from particulate organic matter associated with root turnover and rhizodeposition, as it 
was closest to tillering of switchgrass (Gill et al. 2002; Swinnen et al. 1995) and maturity of 
corn (Russell et al. 2009). Consistent with a stimulation of microbial activity from relatively 
labile sources, potential microbial respiration was higher in the perennial system compared to 
the annual system and specific respiration was highest in July in the perennial system 
(Bradford et al. 2008b; Fontaine et al. 2004a). Apart from plant effects, enzyme activity was 
not significantly correlated to any of the edaphic factors measured. However, low levels of 
soil moisture in late summer in both cropping systems could have contributed to low levels 
of enzyme activity at that time, as suggested by the positive correlation between net N 
mineralization and soil moisture (Henry 2012; Sardans and Peñuelas 2005; Steinweg et al. 
2012).  
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While an induction of C cycling enzymes in response to increased availability of 
soluble C has been demonstrated in field and laboratory studies (Burns 1982; Chróst 1991; 
Reboreda and Caçador 2008; Shackle et al. 2000), other studies have reported no response of 
C cycling enzymes in the presence of soluble C (Allison and Vitousek 2005; Weintraub et al. 
2007). Reasons for the lack of response of C enzymes include allocation of energy towards 
acquisition of other resources, such as N, in order to balance the elevated concentrations of 
available C (Kuzyakov et al. 2000). The elevated activity of BG, BX, and CB observed in 
this study suggests that microbial communities remained constrained by enzyme-mediated C 
acquisition despite stimulation from fresh root inputs, and is consistent with the lack of 
increase of MBC that we observed.  
When enzyme activities were expressed per unit microbial biomass (i.e. mass specific 
activity), activity in the perennial agroecosystem was higher than in the annual 
agroecosystem. Assuming enzyme activity was representative of currently or recently active 
members of the microbial community, these results suggest that changes in physiological 
capacity of the microbial community and not microbial biomass explained patterns in 
enzyme production (Bradford et al. 2008a; Waldrop et al. 2000). Shifts in mass-specific 
enzyme activity indicate that microbial communities allocated a greater amount of energy to 
enzyme production rather than growth and is indicative of lower carbon use efficiency (CUE) 
(Schimel and Schaeffer 2012). Carbon use efficiency is the ratio of the amount of C 
assimilated into biomass relative to the amount of C that is lost to maintenance, like to 
respiration and enzyme production (del Giorgio and Cole 1998; Schimel and Weintraub 
2003). At a community level, physiological changes associated with CUE might be a 
consequence of changes in the activity of individual microorganisms and/or shifts in the 
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relative abundances of specific microbial taxa. Inefficient resource use in response to labile C 
substrates is consistent with findings from N fertilized ecosystems (Fierer et al. 2007). 
Indeed, previous field and laboratory studies have shown that N fertilization select for 
copiotrophic microorganisms, which are taxa with high turnover rates, relatively high N 
demands and specialize on more labile C pools (Campbell et al. 2010; Fontaine and Barot 
2005; Ramirez et al. 2012). While few studies have reported simultaneous measurements of 
microbial enzyme activity and biomass, increases in mass specific enzyme activity have been 
previously documented in relation to changes in community composition in response to land 
management (Waldrop et al. 2000).  
Mass specific changes in microbial activity stand in contrast to how most 
biogeochemical models represent microbe-enzyme dynamics.  Models generally assume that 
enzyme activity is controlled by the size of the microbial community (Manzoni and 
Porporato 2009; Todd-Brown et al. 2011). However, changes in microbial efficiency are 
important to recognize because they have consequences for the fate of C in agroecosystems. 
Lower efficiency implies relatively larger C losses via enzyme production and respiration, 
ultimately affecting the long-term storage of root C in the soil and rates of greenhouse gas 
production (CO2) relative to the annual system (Manzoni et al. 2012; Schimel and Weintraub 
2003). For example, models have demonstrated that changes in microbial CUE as a function 
of temperature can impact the sensitivity of soil C pools (Wang et al. 2012). Along with 
environmental conditions (i.e. precipitation, temperature), our results demonstrate that 
incorporating temporally dynamic changes in microbial energy allocation as a function of 
plant inputs may improve predictions of biogeochemical models. 
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In addition to changes in C cycling, our results indicate that the perennial 
agroecosystem stimulated changes in N cycling at this site. The activity of NAG − 
representing the enzymes associated with the breakdown of chitin peptidoglycan, and other 
N-rich organic macromolecules − was nearly three-fold higher in the switchgrass compared 
to the corn cropping system in July, indicating moderately faster turnover of N (Phillips et al. 
2010; Tabatabai et al. 2010). Consistent with N turnover and acquisition, we observed greater 
MBN in response to the perennial cropping system. These results were unexpected 
considering the perennial cropping system was fertilized. However, high leaching rates from 
tile drains mean that fertilization events are ephemeral, as evidenced from the low inorganic 
N concentrations mid summer. Therefore, despite fertilization in the spring, these results 
reflect a physiological shift in the perennial compared to the annual agroecosystem towards a 
microbial community with high N demands.  
Changes in N cycling appear to be linked to changes in C availability. It is well 
documented that plant roots influence N mineralization rates and changes in net N 
mineralization are often linked to changes in labile C (Kuzyakov et al. 2000; Parkin et al. 
2002). Consistent with this, we observed a significant negative correlation between net N 
mineralization and microbial respiration. Despite no treatment effect on salt-extractable 
organic C pools, we also observed a significant correlation between net N mineralization and 
salt-extractable organic C concentration, suggesting a rapid uptake of root C inputs by 
microorganisms (McLauchlan and Hobbie 2004; Melillo et al. 2002). Some studies have 
reported a stimulation of net N mineralization by plants attributed to increased microbial 
activity and subsequent release of inorganic N from grazing on bacteria by protozoa 
(Clarholm 1985; Franzluebbers et al. 1994) or decreased microbial immobilization due to 
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competition for N with plants (Griffiths and Robinson 1992; Jingguo and Bakken 1997). 
Other studies have documented no effect of plants on net N mineralization (Breland and 
Bakken 1991; Parkin et al. 2002). In contrast, our results suggest that greater quantity of 
labile C from the switchgrass resulted in a decline in net N mineralization due to greater 
microbial immobilization, as evidenced by higher MBN in the perennial agroecosystem 
(Bremer and Kuikman 1997; Clarholm 1985). Therefore, while other factors cannot be ruled 
out as contributors to the patterns in N cycling, these data provide further support to our 
assertion that fresh plant inputs from the perennial crop support a microbial community that 
cycles and retains more N, independently of its size.  
Linking changes in C availability to microbial N cycling also has important 
implications for the biogeochemical predictions associated with these ecosystems.  High N 
demand and turnover of microbial communities in the perennial agroecosystem may extend 
the amount of time N is available to plants through cyclic pulses of re-mineralized N 
(Badalucco and Kuikman 2007; Manzoni and Porporato 2009; Marinari et al. 2010), thus 
promoting N retention by reducing fertilizer-associated N losses (de Vries and Bardgett 
2012). However, mining of organic matter for N in the perennial agroecosystem may 
increase soil organic matter decomposition relative to the annual agroecosystem (Craine et al. 
2007). This balance between N-retention and rates of decomposition as a function of 
microbial physiology denotes a new modeling challenge for bioenergy production, where 
attempts to predict cropping system effects on the environment may require seasonal 
flexibility in C and N demands as a driver of decomposition.  
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Conclusions 
Understanding the microbial mechanisms regulating C and N cycling in biofuel 
cropping systems is important for modeling their biogeochemical impact. Compared to an 
annual cropping system, our results provide evidence that short-term effects of perennial 
cropping systems can promote plant-microbial linkages by changing the physiological 
capacity of the microbial community, but not by increasing microbial biomass. Increased 
microbial activity associated with soil organic matter formation and the depolymerization 
and immobilization of N may lead to faster rates of decomposition and greater N retention. 
Further, seasonal changes in enzyme activity illustrate the dependence of C and N dynamics 
on short-term substrate availability from crop roots. Data provided here represent highly 
accessible parameters for integrating soil microorganisms into models, yet they are rarely 
generated and interpreted together. As such, this work is an important step in guiding models 
to include microbial physiology related enzyme production for a more accurate 
representation of temporal dynamics of C and N cycling. This type of modeling may be 
especially important for ecosystems that experience persistent disturbances or uncoupled 
sources of C and N, such as intensively managed agricultural ecosystems. 
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Tables 
 
Table 1. Soil characteristics at three sampling dates from an annual (continuous corn) and perennial (switchgrass) agroecosystem 
(n = 9) 
Agroecosystem 
type 
Sampling 
time 
Salt-extractable 
organic C (μg g
-1
) 
NO3 (μg g
-1
) NH4 (μg g
-1
) pH Moisture 
(%) 
Annual June 34 (6.1)a 19.1 (3.8)a 5.9 (2.3)a 6.7 (0.4)a 14 (1)a 
 July 32.8 (2.6)a 5.5 (1.1)b 2.6 (0.3)a 6.6 (0.4)a 10 (1)b 
 August 24.5 (2)a 1.6 (0.5)c 1.1 (0.2)b 6.8 (0.3)a 6 (1)c 
Perennial June 29.4 (2.8)a 3.3 (0.5)A 2.1 (0.3)A 6.5 (0.4)a 14 (1)a 
 July 35.9 (3.8)a 3.6 (0.7)A 3 (0.3)A 6.7 (0.4)a 10 (1)b 
 August 31.2 (4)a 1 (0.4)B 1.3 (0.2)A 6.8 (0.3)a 6 (1)c 
Means are given and numbers in parentheses are standard errors 
Letters denote significant differences between sampling dates within an agroecosystem, with lower-case letters for the annual system and 
upper-case for the perennial system (Tukey’s HSD, P<0.05) 
Italics denote significant differences between agroecosystems at a sampling date (Tukey’s HSD, P<0.05) 
 
  
 
3
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Table 2. Microbial biomass and specific activity in an annual (continuous corn) and perennial (switchgrass) agroecosystem 
throughout the growing season in 2011 (n = 9) 
Agro- 
ecosystem 
type 
Sampling 
time 
Microbial 
biomass 
carbon (μg 
g
-1
) 
Microbial 
biomass 
nitrogen 
(μg g
-1
) 
Specific 
BG 
(nmol g
-1
 
hr
-1
 MBC
-1
) 
Specific 
BX 
(nmol g
-1
 
hr
-1
 MBC
-1
) 
Specific 
CB 
(nmol g
-1
 
hr
-1
 MBC
-1
) 
Specific 
NAG 
(nmol g
-1
 hr
-
1
 MBC
-1
) 
Specific 
respiration 
(μg CO2 g
-1
 day
-
1
 MBC
-1
) 
Specific net N 
mineralization 
(ng N g
-1
 day
-1
 
MBC
-1
) 
Annual June 138 (16.9) 21.5 (5.3) 2.73 
(0.48)a 
0.48 
(0.08)a 
0.32 
(0.05)a 
1.08 
(0.15)a 
0.11 (0.024)a 
2.97 (0.85)a 
 July 140 (10.5) 17.5 (1.5) 3.86 
(0.56)a 
0.61 
(0.08)a 
0.41 
(0.07)a 
1.71 
(0.22)a 
0.085 (0.005)a 1.66 (0.18)a 
 August 149 (9.5) 15.8 (1) 2.20 
(0.25)a 
0.44 
(0.05)a 
0.31 
(0.06)a 
1.33 
(0.23)a 
0.1 (0.01)a 0.76 (0.22)a 
Perennial June 172 (7.9) 26.1 (1.7) 1.55 
(0.21)B 
0.29 
(0.03)B 
0.17 
(0.03)B 
0.74 
(0.11)B 
0.094 (0.006)A 1.08 (0.26)A 
 July 167 (12.1) 21.7 (1.7) 5.39 
(0.77)A 
1.07 
(0.17)A 
0.79 
(0.16)A 
4.12 
(0.75)A 
0.125 (0.012)A 0.12 (0.14)A 
 August 166 (19.7) 21.1 (1.8) 2.56 
(0.46)B 
0.57(0.12)
B 
0.32 
(0.05)B 
1.72 
(0.32)B 
0.103 (0.01)A 0.19 (0.13)A 
Means are given and numbers in parentheses are standard errors 
Letters denote significant differences between sampling dates within an agroecosystem, with lower-case letters for the annual system and 
upper-case letters for the perennial system (Tukey’s HSD, P<0.05) 
Italics denote significant differences between agroecosystems at a sampling date (Tukey’s HSD, P<0.05) 
BG refers to ß-glucosidase, BX refers to ß–xylosidase, CB refers to cellobiohydrolase, and NAG refers to N-acetyl glucosaminidase 
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Figures 
 
Figure 1.  Activity of (a) ß-glucosidase, (b) ß-xylosidase, (c) cellobiohydrolase, and (d) N-
acetyl-glucosaminidase showing the effects of agroecosystem type at three sampling dates. 
Means ± SE are shown. Letters (lower-case, annual; upper-case, perennial) denote 
significant differences between sampling dates within an agroecosystem and asterisks denote 
significant differences between agroecosystems at a sampling date (Tukey’s HSD, P < 0.05). 
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Figure 2.  Potential microbial respiration showing the effects of agroecosystem type at three 
sampling dates in 2011. Mean ± SE are shown. Letters (lower-case, annual; upper-case, 
perennial) denote significant differences between sampling dates within an agroecosystem 
and asterisks denote significant differences between agroecosystems at a sampling date 
(Tukey’s HSD, P < 0.05). 
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Figure 3.  Potential net N mineralization showing the effects of agroecosystem type at three 
sampling dates in 2011. Mean ± SE are shown. Letters (lower-case, annual; upper- case, 
perennial) denote significant differences between sampling dates within an agroecosystem 
and asterisks denote significant differences between agroecosystems at a sampling date 
(Tukey’s HSD, P < 0.05). 
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Supplementary Material 
 
Table S1. Pearson correlation coefficients (r) between enzyme activity, microbial activity, and soil physical and chemical 
properties. 
 BG BX CB NAG Microbial 
respiration 
Net nitrogen 
mineralization 
Microbial 
biomass carbon 
Microbial biomass 
nitrogen 
BX 0.95        
CB 0.95 0.89       
NAG 0.85 0.89 0.77      
Microbial 
respiration 
0.38 0.44 0.41 0.47     
Net nitrogen 
mineralization 
ns ns ns ns -0.41    
Microbial biomass 
carbon 
ns ns ns ns ns ns   
Microbial biomass 
nitrogen 
ns ns ns ns ns ns 0.72  
Salt-extractable 
organic C 
ns ns ns ns ns -0.31 -0.40 ns 
Moisture ns ns ns ns ns 0.30 ns ns 
Silt + clay ns ns  0.28 ns ns ns ns ns 
Soil organic 
carbon 
ns ns ns ns ns ns 0.32 ns 
Total nitrogen 0.27 0.29 0.29 ns ns ns ns ns 
Numbers are significant at P<0.05 
ns, non-significant relationships 
BG refers to ß-glucosidase, BX refers to ß–xylosidase, CB refers to cellobiohydrolase, and NAG refers to N-acetyl glucosaminidase 
Silt + clay, soil organic carbon, and total nitrogen data were taken from Ontl et al. (2013) 
NO3
-
, NH4
+
, and pH were not significantly correlated with any other variable 
 
4
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Supplementary Material (not included in publication) 
 
Table S2. Microbial biomass and extracellular enzyme activity in a rotated crop agroecosystem (sorghum/triticale) throughout the 
growing season in 2011. Means and standard errors are shown (n = 3). 
Sampling 
time 
Landscape 
Position 
Microbial biomass 
carbon (μg g
-1
) 
Microbial biomass 
nitrogen (μg g
-1
) 
BG (nmol 
g
-1
 hr
-1
) 
BX (nmol g
-
1
 hr
-1
) 
CB (nmol g
-
1
 hr
-1
) 
NAG (nmol 
g
-1
 hr
-1
) 
June Summit 
Back slope 
Toe slope 
156 (14.7) 
177 (10.3) 
168 (6.15) 
20.2 (0.9) 
16.7 (7.7) 
21.4 (2.1) 
400 (86.4) 
322 (72.0) 
255 (25.8) 
75.1 (25.3) 
59.4 (19.6) 
44.2 (8.33) 
49.2 (10.3) 
39.7 (12.1) 
31.3 (3.75) 
184 (62.1) 
180 (65.9) 
96.6 (29.3) 
July Summit 
Back slope 
Toe slope 
139 (21.6) 
156 (6.85) 
140 (6.70) 
20.9 (4.9) 
22.0 (5.8) 
20.7 (1.0) 
516 (181) 
470 (117) 
220 (13.5) 
92.7 (28.0) 
105 (34.9) 
47.0 (0.27) 
70.4 (26.4) 
59.5 (11.7) 
24.8 (4.52) 
217 (95.0) 
266 (137) 
89.5 (21.5) 
August Summit 
Back slope 
Toe slope 
158 (6.65) 
173 (19.9) 
160 (12.3) 
18.0 (0.3) 
20.4 (3.5) 
18.9 (0.9) 
336 (32.8) 
301 (21.2) 
182 (26.4) 
49.4 (3.54) 
62.1 (8.65) 
35.2 (6.70) 
42.7 (7.29) 
37.3 (5.70) 
19.3 (1.86) 
135 (4.67) 
136 (16.7) 
155 (59.6) 
BG refers to ß-glucosidase, BX refers to ß–xylosidase, CB refers to cellobiohydrolase, and NAG refers to N-acetyl glucosaminidase 
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Table S3. Microbial biomass carbon and nitrogen in an annual (continuous corn), perennial (switchgrass) and rotated crop 
(sorghum/triticale) agroecosystem throughout the growing season in 2012. Means and standard errors are shown (n = 3). 
Agroecosystem 
type 
Sampling time Landscape 
Position 
Microbial biomass 
carbon (μg g
-1
) 
Microbial biomass 
nitrogen (μg g
-1
) 
Annual May Summit 
Back slope 
Toe slope 
134 (21.4) 
159 (16.7) 
160 (23.8) 
16.5 (7.74) 
21.9 (5.25) 
19.6 (2.8) 
June Summit 
Back slope 
Toe slope 
159 (15.4) 
144 (16.5) 
163 (43.0) 
28.1 (3.39) 
22.9 (2.32) 
29.5 (6.06) 
August Summit 
Back slope 
Toe slope 
102 (46.8) 
188 (33.4) 
205 (48.5) 
23.5 (2.16) 
29.8 (5.31) 
22.4 (1.31) 
Perennial May Summit 
Back slope 
Toe slope 
173 (21.8) 
191 (10.3) 
178 (16.6) 
25.9 (1.64) 
24.3 (2.88) 
20.7 (4.07) 
June Summit 
Back slope 
Toe slope 
146 (19.9) 
146 (20.8) 
187 (15.3) 
42.2 (0.217) 
26.3 (4.86) 
34.8 (3.01) 
August Summit 
Back slope 
Toe slope 
156 (41.0) 
237 (10.2) 
174 (10.3) 
26.7 (4.29) 
31.4 (4.92) 
27.6 (3.00) 
Crop rotation May Summit 
Back slope 
Toe slope 
180 (36.5) 
141 (37.3) 
161 (22.0) 
28.4 (9.56) 
21.2 (9.94) 
22.2 (4.04) 
June Summit 
Back slope 
Toe slope 
156 (5.11) 
130 (15.2) 
188 (26.9) 
24.5 (4.18) 
21.5 (5.22) 
35.0 (4.60) 
August Summit 
Back slope 
Toe slope 
149 (39.0) 
151 (22.5) 
164 (7.04) 
22.2 (5.50) 
19.6 (3.49) 
23.1 (1.20) 
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CHAPTER 3 
A MODIFIED INCUBATION METHOD REDUCES ANALYTICAL VARIATION OF 
SOIL HYDROLASE ASSAYS 
 
A paper formatted as a Short Communication for the European Journal of Soil Biology 
Sarah K. Hargreaves and Kirsten S. Hofmockel 
 
Abstract 
Given that analytical precision affects the number of biological replicates required to 
achieve adequate statistical power and analytical variation is often high for soil assays, we 
investigated ways to reduce variability of soil hydrolase assays.  For two mineral soils and 
one organic soil, we compared variation of fluorescence for acid phosphatase, ß-glucosidase, 
and N-acetyl-glucosaminidase using incubation methods that differed in assay volume and 
the ability of reagents to mix. For ß-glucosidase and N-acetyl-glucosaminidase fluorescence 
from the mineral soils, which had coefficients of variation that exceeded 10% on average, 
well-mixed, larger volumes significantly reduced variation. This reduction was not observed 
for acid phosphatase and the organic soil, which had consistently low variation. For all soils 
tested, thorough mixing of NaOH also reduced variability. Because the goal of enzyme 
assays is to estimate the total enzyme pool in a sample of soil, modifications to reduce 
variability among analytical replicates, such as those proposed here, should be considered. 
These modifications can potentially increase our ability to detect treatment differences within 
the heterogeneous soil matrix.  
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Introduction 
As the proximate drivers of decomposition and nutrient cycling in soil (e.g.[1]), 
extracellular enzymes are important indicators of soil fertility [2,3] and are useful as 
parameters in biogeochemical models [4]. In order for estimates of extracellular enzymes to 
be informative, however, measurements must be accurate and precise. In terms of precision, 
large variation at any level of experimental design (e.g. biological, analytical) can reduce our 
ability to detect biologically meaningful treatment effects [5], which may be especially 
problematic when subtle treatment effects on decomposition have important ramifications for 
nutrient cycling. Because it is often difficult to increase biological replicates in large-scale 
field experiments, minimizing variability among analytical replicates is often essential for 
detecting differences among ecosystems, treatments or over time. 
For measurements of hydrolytic enzymes, the 4-methylumbelliferone-(MUB)-based 
fluorescence method in microplate format is standard in ecological literature [6-9]. MUB-
based detection is considered sensitive [8-10] and the high-throughput nature of the 
microplate format means that multiple enzymes can be analyzed in parallel. Yet, analytical 
precision (i.e. well-to-well variation) using this method is usually relatively low [11]; 
therefore, reducing variation among analytical replicates is one way to increase precision of 
sample estimates [5].  
While analytical variation of soil assay is an important methodological factor to 
consider, causes of, and potential solutions to, have not been explicitly investigated. Because 
soil samples have particles that can settle during the incubation period, mixing is one factor 
that may affect variability. It is generally assumed that the small volumes associated with 
microplates (e.g. 250 μL) mix by diffusion. Surface tension, however, can restrict movement 
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of solution within wells, even with shaking during the incubation period. Given the 
inherently heterogeneous nature of soil, larger volumes, either in deep well 96-well plates 
(<2000 μL) or 12-well plates or centrifuge vials (>300 mL), have also been proposed as a 
way to reduce analytical variation. For resolutions such as these, however, there is likely a 
trade-off between potential reductions in analytical variability and reagent use. The aim of 
this study was to test the effect of three methods that vary in assay volume and their degree 
of mixing on the analytical precision of estimates of hydrolase fluorescence. We 
hypothesized that thorough mixing in test tube incubations would lower coefficients of 
variation (CVs) compared to samples in 96 well plates, irrespective of the addition of the 
addition of NaOH to maximize fluorescence.  
 
Materials and methods 
We sampled two mineral soils (0-10 cm, sieved to 4-mm) and one organic soil (20-40 
cm).  The first mineral soil was an Alfic Udipsamments (Zimmerman soil series, fine sand, 
pH 5.6), from a tall grass prairie in Anoka County, Minnesota. The second mineral soil was a 
Typic Hapludolls (Clarion soil series, fine loam, pH 6.5) from cultivated maize (Zea mays L.) 
field in Boone County, Iowa. The organic soil was a Typic Haplohemist (Greenwood soil 
series, peat, pH 4.3) from a sphagnum bog in Itasca County, Minnesota. We froze all samples 
at -20°C before analyses.  
To test for the effect of assay volume and mixing during incubation, we developed a 
modification to the standard MUB-based method [6,7], hereafter called the “tube incubation 
method”. Compared to the standard method of incubating assay mixtures in 96-well plates 
(microplate or deep well), the tube incubation method entailed incubating enzyme reagents in 
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5 mL tubes prior to transferring reaction products to a microplate, where we measured 
sample fluorescence. This modification does not change the number of biological replicates 
run (i.e. it does not pseudo-replicate). Rather, the method modifies how analytical replicates 
are prepared and, therefore, remains an estimate of the total enzyme pool in a sample of soil.  
We compared the tube incubation method to the standard incubation in microplates 
and deep well plates for acid phosphatase (AP; EC 3.1.3.2), ß-glucosidase (BG; EC 3.2.1.21), 
and N-acetyl-glucosaminidase (NAG; EC 3.2.1.52). We acknowledge that this combination 
of tests (large volume in a single vessel with thorough mixing; large volume in multiple wells 
with little mixing; small volume in multiple wells with little mixing) is not a full factorial 
design of potential factors influencing analytical variability. We chose to restrict our tests to 
these three methods because they represent the most practical combination of factors that can 
be easily applied in the laboratory, as opposed to a method with large volume in multiple 
vessels with thorough mixing, for example. We used four treatments to test the effect of 
incubation method with the addition of 10 μL 1M NaOH: (i) microplate incubation followed 
by addition of NaOH, (ii) deep well plate incubation, centrifugation and transfer to 
microplate, followed by addition of NaOH, (iii) tube incubation and transfer to microplate, 
followed by addition of NaOH, and (iv) tube incubation followed by addition of NaOH and 
subsequent transfer to microplate.  
For each soil type and replicate (n=5), we homogenized 1 g soil with a Tissue Tearor 
(BioSpec Products, Inc, Bartlesville, OK) in 125 mL buffer adjusted to the pH of the soil for 
30 seconds on high and then constantly mixed on a stir plate while pipetting. We then 
dispensed soil homogenate into microplates, deep well plates and tubes within 2 minutes of 
stirring. For assays incubated using the standard method in microplate, we transferred 200 μL 
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of soil homogenate to 8 wells each containing 50 μL of substrate for a total of 8 analytical 
replicates per treatment and substrate combination. Similarly, for reactions incubated in 2 mL 
deep well plates, we transferred 1600 μL of soil homogenate to 8 wells, each containing 400 
μL of substrate. For incubations performed in tubes, we transferred 1800 μL of soil 
homogenate to 5 mL tubes each containing 450 μL of substrate, for a total of 3 tubes (1 per 
substrate) per biological replicate. For all methods, we dispensed soil homogenate with wide 
orifice tips to permit the transfer of suspended soil particles. We incubated 5 mL tubes on 
their sides and plates in the dark at 140 rpm and 23°C for 2.5 hours, which fell within the 
linear range of the reaction. At the end of the incubation, we inverted each tube to mix, and 
transferred 250 μL assay mixture (soil homogenate + substrate) to 8 wells of a microplate 
using the multidispense function of an automatic pipette. For deep well plates, we 
centrifuged at 2000 rpm for 2 minutes and transferred 250 μL supernatant from each well to a 
microplate using a multichannel pipette. In this way, the final plate set-up, including the 
number of analytical replicates and assay volumes was the same for all methods. We read all 
samples using a fluorometer (360 nm excitation and 460 nm emission; BioTek Instruments, 
Inc., Winooski, VT). We stored all substrates at 4°C and warmed them to room temperature 
prior to use. We ran all reactions at saturating substrate concentrations (in-well 
concentrations of 400 μM for BG and NAG and 800 μM AP) and, for the purposes of 
demonstrating variation in raw fluorescence, we used units of fluorescence g
-1
 hr
-1
.  
To evaluate the effect on analytical variation of each incubation method with and 
without NaOH addition for each soil, we calculated CVs of the 8 analytical replicates 
(microplate wells) corresponding to each biological replicate (5, 1-g samples of soil), for a 
total of 5 CVs for each enzyme and method combination per soil. CV data were non-
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normally distributed. Data also did not meet the assumption of homogeneity of variance, 
which we expected since the goal of the experiment was to test for differences in variance. 
To avoid violating assumptions of ANOVAs, we used randomization tests with 9999 
permutations to test for the effects of incubation method and/or NaOH addition on analytical 
variability. We performed all statistical analyses in R (V2.15.2). 
 
Results 
Across the three soil types, CVs using the tube incubation method consistently ranged 
from 1 – 6%, which is comparable or lower than CVs previously reported from bench-scale 
assays [12,13] and a tube incubation method [14] for p-Nitrophenyl.  The two mineral soils 
exhibited lower CVs using the tube incubation method as compared to both the microplate 
method for BG (mineral soil 1, P<0.01; mineral soil 2, P<0.01) and NAG (mineral soil 1, 
P<0.01; mineral soil 2, P=0.04) and the deep well plate method for BG (mineral soil 1, 
P=0.01; mineral soil 2, P=0.02) and NAG (mineral soil 1, P=0.03; mineral soil 2, P=0.02). 
While incubating in a tube also reduced the CV of AP, a reduction in CVs was only 
significant when compared to the microplate incubation method (mineral soil 1, P=0.02; 
mineral soil 2, P=0.03; Figure 1).  For the organic soil, the deep well incubation method 
produced lower CVs compared to the tube incubation method for AP (P=0.02) and NAG 
(P=0.03), and CVs among the three methods was not significantly different for BG (P>0.09 
for all; Figure 1). When NaOH was mixed with the assay reagents in tubes (method iv), 
average CVs for mineral soils 1 and 2 was over 4x lower when NaOH was added to the tubes 
for AP (mineral soil 1, P<0.01; mineral soil 2, P<0.02), BG (mineral soil 1, P<0.01; mineral 
soil 2, P<0.03) and NAG (mineral soil 1, P<0.01; mineral soil 2, P<0.01). This is in contrast 
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to the effect of NaOH addition on the organic soil, which was not as consistently pronounced 
when compared to the other three methods.  
 
Discussion 
Soil hydrolase assays are notoriously variable, leading to low analytical precision that 
can hinder our ability to detect biologically meaningful differences between treatments using 
the standard microplate incubation (small volume in multiple wells, little mixing). Analytical 
precision of BG and NAG for the mineral soils was low (CVs>10%) and significantly 
increased with the tube incubation method (large volume in a single vessel, thorough mixing) 
but not the deep well plate incubation method (large volume in multiple wells, little mixing). 
This difference may be attributable to thorough mixing and the fact that fluorescence from 
the tube incubation method was measured from a single incubation vessel, thus eliminating 
variation introduced incubating samples in individual wells. However, variability associated 
with NaOH addition for all enzymes was lowest when NaOH was first mixed in tubes before 
it was dispensed into wells of a microplate. This observation specifically emphasizes the 
contribution of mixing, and not just well-to-well variability, to analytical variability.  
The larger volume and thorough mixing associated with the tube incubation method 
did not, however, affect analytical precision when variability associated with the microplate 
method was already low (CVs<10%). In the case of AP measurements of the mineral soils, 
the lack of effect of mixing may be attributable to the more than double net fluorescence of 
AP as compared to BG and NAG (data not shown) and, therefore, greater amount of AP 
enzyme present in each sample. In contrast, the lack of effect of the tube incubation method 
on the organic soil may be because the organic soil exhibited consistently low CVs (<6%) for 
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all methods, suggesting that well-to-well variability is inherently low for non-particulate 
soils. 
The observed reductions in CVs for the mineral soils have important consequences 
for how experiments are designed. For example, a reduction in the CV of BG for mineral soil 
2 from an average of 11% using the microplate incubation method to an average of 3% using 
the tube incubation method means that 13 analytical replicates (wells) of the microplate 
incubation method are needed to achieve the same precision as one well using the tube 
incubation (refer to Supplementary Material). Further, with a biological CV of 9% for both 
methods and one analytical replicate (well) each, incubating assay mixtures in microplates 
requires 5 biological replicates to get the same precision of the mean of log(fluorescence) as 
incubating in tubes does with only 3 (refer to Supplementary Material). Therefore, when 
analytical variation is high, reducing it with mixing in larger volumes offers a practical way 
to increase statistical power. 
While we have shown that incubating enzyme assays in large volumes and with 
thorough mixing of can significantly reduce variation among analytical replicates when 
variation is high, the modifications outlined here are not without drawbacks. Compared to 
incubating in microplates, tube incubation requires more substrate (5-10% more) to ensure 
there is enough volume to pipette to microplates post-incubation. Further, dispensing the 
incubated assay mixtures into a microplate is slightly more time consuming than transferring 
the homogenate into a microplate at the beginning of the incubation (approximately an 
additional 3 minutes per sample). By employing multi-channel pipettes and reading 
fluorescence in 96-well plates, however, the method remains high-throughput in nature and 
we have found no difference in the number of samples that can be processed in a day. In 
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contrast, deep well incubation uses approximately 8x more reagents than the tube incubation 
and the additional steps (centrifuging, transferring from deep well to microplate) require a 
similar amount of time as the tube modifications. Finally, we acknowledge that we collected 
these data for only three soils and may not be representative of all soil types or other 
substrates (e.g. litter, sediment). However, mineral soils samples are inherently variable 
(e.g.[11]); large volumes and thorough mixing during incubation, such as by employing the 
tube incubation method outlined here, is a straightforward modification that researchers can 
choose to increase analytical precision when dealing with samples that generate high 
analytical variability, like the mineral soils tested in this study. 
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Figure 1. Coefficients of variation of fluorescence for the microplate (circles), deep well 
plate (squares), and tube incubation methods (triangles) conducted without the addition of 
NaOH for (a) mineral soil 1, (b) mineral soil 2 and (c) the organic soil. For each method, 
fluorescence was measured for acid phosphatase (AP), ß-glucosidase (BG), and N-acetyl 
glucosaminidase (NAG).  Means ± 1 SE are presented. Different letters denote significant 
difference between methods (P<0.05). 
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Supplementary Materials 
1) The number of analytical replicates of the microplate incubation method needed to match 
the precision of one analytical replicate of the tube incubation method (ntube = 1), assuming 
equal population means: 
 
 
 
Where SE is standard error and SD is standard deviation, 
Therefore:      
 
 
Note:   
 
 
 
 
For the example used in-text: 
CVmicroplate = 11% 
CVtube = 3% 
 
Therefore:       
  
Meaning 13 analytical replicates of the microplate incubation method are needed for every 
one analytical replicate of the tube incubation method. 
 
2) Equivalent biological replicates were calculated from the statistical efficiency number, or 
the ratio of the total variance of the microplate incubation method to the total variance of the 
tube incubation method. 
 
For the example used in-text:  
Microplate method biological variance = 9%, analytical variance = 11%, total variance =20% 
Tube method biological variance = 9%, analytical variance = 3%, total variance = 12% 
Where total variance for this experimental design = biological variance + analytical variance, 
and, 
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Where biological and analytical variance was obtained from a variance components analysis 
(Dixon and Ding, 2008), as follows:  
 
Log transformed fluorescence data was analyzed using the lmer function in lme4 package in 
R (V2.15.2), with biological replicates as a random factor and variation in analytical 
replicates equal to the residual. 
 
Therefore, statistical efficiency number = 20/12 and 3 biological replicates of the tube 
incubation method requires:  
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Supplementary Material (not included in publication) 
 
 
Table S1. Selected soil properties and assay buffers used. 
Soil Sample location Soil series Soil classification Vegetation Texture pH Buffer used 
Mineral 1 Anoka County, 
Minnesota 
Zimmerman Alfic Udipsamments  Tall grass prairie Fine sand 
(>90%) 
5.6 25 mM maleate  
Mineral 2 Boone County, Iowa Clarion Typic Hapludolls 
 
Cultivated maize 
(Zea mays L.) 
 
Fine loam 6.5 100 mM 
maleate  
Organic  Itasca County, 
Minnesota 
Greenwood  
 
Typic Haplohemist Sphagnum Peat 4.3 50 mM sodium 
acetate  
 
 
 
5
7
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Figure S1. A visual representation of the tube incubation method for one biological replicate 
and the three substrates measured in this study, acid phosphatase (AP), ß-glucosidase (BG), 
and N-acetyl-glucosaminidase (NAG). (a) Homogenized soil is dispensed into 5 mL tubes, 
each containing a different MUB- labeled substrate, (b) the tubes are incubated while 
shaking. If necessary, (c) NaOH is added to the tubes at the end of the incubation, and (d) 
each assay is immediately dispensed into 8 wells of microplate and read on a fluorometer. 
The remaining wells on the microplate are available for blanks and standard curves. 
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Figure S2. Coefficients of variation of fluorescence for the four methods used to test the 
effect of NaOH addition on analytical variability for (a) mineral soil 1, (b) mineral soil 2 and 
(c) the organic soil. Circles represent method (i) microplate incubation followed by NaOH 
addition, squares represent method (ii) deep well plate incubation, centrifugation and transfer 
to microplate, followed by NaOH addition, triangles represent method (iii) tube incubation 
and transfer to microplate, followed by NaOH addition, and diamonds represent method (iv) 
tube incubation followed by NaOH addition and transfer to microplate. For each method, 
fluorescence was measured for acid phosphatase (AP), ß-glucosidase (BG), and N-acetyl-
glucosaminidase (NAG). Means ± 1 SE are presented. Different letters denote significant 
difference between methods (P<0.05). 
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CHAPTER 4 
HIERARCHICAL INFLUENCES OF TOPOGRAPHY, CROPPING SYSTEM, AND 
RHIZOSPHERE ON SOIL MICROBIAL COMMUNITIES IN PERENNIAL AND 
ANNUAL AGROECOSYSTEMS 
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Abstract 
Plant and soil properties cooperatively structure soil microbial communities, with 
implications for ecosystem functions. However, the extent to which each factor contributes to 
community structuring is not fully understood.  To quantify the influence of plants and soil 
properties on microbial community diversity and composition in an agricultural context, we 
conducted an experiment within a conventional corn-based annual cropping system and a 
perennial switchgrass cropping system across three topographic positions. We sequenced 
barcoded 16S ribosomal RNA genes from bulk soil three times throughout a single growing 
season and across two years at peak aboveground biomass. To target the belowground effects 
of plants, both rhizosphere and bulk soil were sampled at peak aboveground biomass.  We 
hypothesized that microbial community composition and diversity would be more sensitive 
to annual vs. perennial inputs than edaphic differences among landscape positions, with 
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greater differences occurring in the rhizosphere. We found that microbial community 
composition responded consistently to topographic position, and that cropping system and 
rhizosphere soil drove changes in microbial diversity. At peak aboveground biomass, 
cropping system and rhizosphere shaped a small but specific group of microbes, implying a 
small subset of microbial taxa, rather than broad shifts in community composition, may 
explain differences in cycling between these systems.  Specifically, we detected enrichment 
of Saprospirales and Actinomycetales, including cellulose and chitin degraders, in the 
rhizosphere soil and enrichment of Nitrospirales, Syntrophobacterales, MND1 in the bulk 
soil. Overall, these findings support the notion that soil microbial communities are shaped by 
a filtering from the bulk soil to the rhizosphere, and that plant effects are greatest at peak 
aboveground biomass.  
 
Introduction 
Soil microorganisms mediate biogeochemical transformations that underpin 
important ecosystem functions. Bacteria and fungi decompose organic matter and mineralize 
it to plant available forms [1], retain nutrients [2], and influence atmospheric concentrations 
of greenhouse gases [3]. Thus, for agricultural ecosystems, the response of soil 
microorganisms to environmental parameters has important implications for crop 
productivity and the long-term suitability of a soil to agriculture.  There is evidence that soil 
microbial community function can be influenced by community composition [4-7], and both 
are cooperatively shaped by plants and soil properties [8,9]. There are contrasting reports in 
the literature, however, as to the relative contribution of each as a structuring factor.  
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Physical and chemical properties of soil structure the indigenous microbiota, 
including the microbial seed bank [8]. For example, bacterial community composition and 
diversity are shaped largely by soil pH at relatively coarse scales [10,11], while soil texture 
can shape soil microbiota at finer scales [12]. In this way, edaphic factors are thought to be 
the first environmental filter in a hierarchy of events shaping soil microbial communities.  
Within an individual soil, the quantity and chemistry of root exudates and plant 
residues can stimulate or inhibit different microbial taxa, resulting in distinct microbial 
communities associated with specific plants [13-15].  Differences in root production and 
phenology can alter resource availability in time and space, and thus also shape microbial 
communities [16]. In addition to patches of plant residues [17], a hotspot for a plant’s 
influence on microbial communities is the rhizosphere, the narrow zone of soil that surrounds 
and is influenced by plant roots [8,18]. Here, microbial communities are enriched from the 
bulk soil by changes in the availability of low-molecular-mass compounds, polymerized 
sugar, and root cells.  Additionally, plant secondary metabolites are involved in establishing 
symbiosis and repelling pests and pathogens, and root water and nutrient uptake alter pH and 
resource availability for microbes [8]. These influences illustrate the role that the rhizosphere 
plays as an environmental filter on soil microbiota, with cascading effects to biogeochemical 
cycling [19].  
In agricultural ecosystems, management practices add another level of complexity to 
the forces structuring soil microbial communities. Management influences microbial 
communities directly by altering soil properties, and indirectly through changes in plant 
nutrient and water requirements. One management action common across diverse types of 
agriculture (e.g. pasture, row-crop) and cropping systems (e.g. annual- and perennial-based 
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bioenergy crops) is nitrogen enrichment from fertilization. N fertilization, especially from 
inorganic sources, can affect soil microbiota directly by increasing N availability for 
microbes [20], altering carbon inputs to soils [21,22], and increasing soil acidity [23,24]. 
These microbial shifts, in turn, may alter rates of decomposition [20] and weaken plant-
microbe linkages critical in ecosystem nutrient retention [25]. 
Cropping system had a stronger influence on the functional capacity of the microbial 
community (potential enzyme activity, net N mineralization and respiration) than edaphic 
factors associated with topographic position in previous research from the Landscape 
Biomass Project [26]. Changes in microbial activity were not associated with concomitant 
changes in microbial biomass, suggesting the physiological response of the microbial 
community influenced differences in carbon (C) and nitrogen (N) cycling. The physiological 
response to cropping system at the microbial community scale could be driven by a variety of 
mechanisms including a shift in community composition (defined here as membership and 
relative abundance of specific species),,diversity or richness [5]. If topographic position and 
its inherent impact on soil edaphic characteristics drive microbial community composition 
and structure, then shifts in microbial activity in response to cropping system are likely due 
to differences in the physiological response of individual species (i.e. physiology or 
plasticity; [27,28]). 
Here we report the microbial (bacteria, archaea) community responses to a fertilized 
perennial cropping system compared to a conventional annual-based system across a range of 
edaphic conditions associated with three topographic positions at the Landscape Biomass 
Project. We used topographic position as a master variable for changes in soil properties 
because topography affects factors such as plant productivity, soil pH, N availability, and 
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moisture regime [29,30], which may all influence microbial community composition. Given 
the temporal dynamics of plant effects [16], we sampled at three times throughout a single 
growing season and over two growing seasons at peak aboveground biomass.  We expected 
plant effects to be most pronounced in the rhizosphere. Thus, to characterize plant-microbe 
interactions, we sampled both bulk and rhizosphere soil at peak aboveground biomass. We 
predicted greater microbial diversity in the perennial cropping system due to increased 
overall resource supply [31] and changes in niche dimensionality over the growing season 
due to greater temporal shifts in root exudates from the perennial species [16]. Finally, we 
predicted differences between microbial communities in the annual and perennial cropping 
systems to be greater in the rhizosphere soil compared to the bulk soil. 
 
Materials and methods 
Study site 
The study was conducted as part of the Landscape Biomass Project at the Uthe 
Research & Demonstration Farm in Boone County, Iowa, USA (41°55'N, 93°45'W).  Soils at 
the site are classified as fine-loamy Hapludoll Mollisols and follow a topographic gradient 
with a slope of approximately 0.5% on the summit and approximately 2.5% on the side slope 
(back slope and toe slope), as described in detail in Wilson et al. [32]. Soil organic carbon 
averaged 17.2 g kg
-1
, total soil N averaged 1.42 g kg
-1
, bulk density averaged 1.57 g cm
-3
, 
and soil texture averaged 49.4% silt + clay [33]. Notwithstanding similarities in chemistry 
and root inputs among summit, back slope and toe slope positions, soils from the back slope 
have significantly lower concentrations of potassium and phosphorus, and soils on the toe 
slope have significantly greater aggregate geometric mean diameter [33]. Prior to study 
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initiation in 2008, summit and side slopes were managed under a corn-soybean rotation with 
corn in rotation in 2008. Mean monthly air temperatures in 2011 and 2012 did not differ from 
the long-term mean, but rainfall was extremely variable. Below average rainfall was recorded 
at the end of summer 2011, followed by a record drought in 2012 [32].  
 
Experimental Design 
To assess the impact of cropping system and soil properties on microbial 
communities, we sampled from experimental plots of a no-till annual monoculture 
(continuous corn, Zea mays L.; “annual”) and a perennial monoculture (switchgrass, 
Panicum virgatum L., cv: ‘Cave-In-Rock’; “perennial”) replicated three times at three 
topographic positions (summit, back slope, and toe slope) following a randomized complete 
block design (n=3; Figure S1). Plots of approximately 0.05 ha were established in fall 2008 
and first planted in spring 2009.  Corn was fertilized with nitrogen at a rate of 168 kg urea-N 
ha
-1
 in 2011 and 175 kg urea-N ha
-1
 in 2012, and switchgrass was fertilized at a rate 134 kg 
urea-N ha
-1
 in 2011 and 135 kg urea-N ha
-1
 in 2012. Both cropping systems received 56 kg 
P2O5 ha
-1
 and 112 kg KCl ha
-1
 in 2011. At harvest, maximum aboveground biomass was 
removed, leaving ~10% of the aboveground biomass from all cropping systems. Refer to 
Wilson et al. [32] for complete management details. 
 
Soil Sampling 
We sampled bulk soil, defined as root-free soil collected randomly within plots, and 
rhizosphere soil, defined as soil adhering to roots from samples collected below a plant.  
Bulk soil was sampled by collecting and compositing ten randomly distributed soil cores (2.2 
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cm in diameter x 15 cm depth) within each plot. It was then sieved to 4-mm in the lab and 
subsampled for gravimetric water content and DNA extraction, which was frozen at -80°C.  
To test the effect of soil origin with regards to comparisons between bulk and rhizosphere 
soil, soil was sampled by taking one core directly under a plant, angled towards a plant stalk, 
from under five randomly chosen plants. The five cores per plot were placed in sterile bags 
and transported to the lab on ice. Using aseptic technique in the lab, the soil was placed on 
sterilized bench paper and roots were isolated from the sample using sterilized tweezers, and 
excess soil was removed from root surfaces by gentle shaking. The remaining soil that was 
directly adhered to the root (“rhizosphere soil”) was sampled for DNA extraction [9].  
Bulk samples were collected in spring (June), mid-summer at peak aboveground 
biomass (July), and late summer (August) in 2011. Based on previous work showing greater 
microbial activity in the perennial cropping system at peak aboveground biomass in July 
2011 [26], we focused sampling efforts to peak aboveground biomass in 2012 and sampled 
both bulk soil and rhizosphere soil from summit and toe slope positions (Table S1). To 
compare extremes of the topographic gradient on rhizosphere communities, only the summit 
and toe slope were sampled for the rhizosphere soil origin investigation.  
 
DNA Extraction and 16S rRNA Gene Sequencing 
DNA was extracted from a 0.25 g sub-sample using the PowerSoil®-htp 96 Well Soil 
DNA Isolation Kit (MoBio, Carlsbad, CA, USA), with modifications following the Earth 
Microbiome Project (EMP; www.earthmicrobiome.org/emp-standard-protocols). We 
quantified DNA via PicoGreen fluorometry. To assess the diversity and composition of the 
microbial communities, we obtained 16S rRNA gene sequences following EMP standard 
  
67 
protocols [34]. Briefly, the 515f/806r primer set was used to amplify the V4/V5 region of the 
16S rRNA gene and overlapping paired-end 150 base reads were obtained using an Illumina 
MiSeq sequencing system at the Next Generation Sequencing Core (Argonne National 
Laboratory). All sequences are deposited in the National Center for Biotechnology 
Information database (BioProject ID: PRJNA248482).  
The raw 150-bp sequence reads were first merged using EA-Utils fastq-join [35] and 
merged sequences were then processed with QIIME v.1.7.0 [36] using default parameters for 
quality filtering and demultiplexing. We assigned taxonomy by using closed reference 
UCLUST clustering [37] against the May 2013 release of the Greengenes database filtered at 
97% sequence identity [38]. Before downstream analysis, we required that all operational 
taxonomy units (OTUs) have a count of at least two reads across all samples and rarefied to 
6678 sequences per sample to correct for differences in reads across samples. We quantified 
diversity as observed OTU richness, Shannon’s diversity index (H’), and evenness calculated 
from H’.. We used Bray-Curtis dissimilarity to assess changes in community composition, 
which was visualized using non-metric multidimensional scaling (NMDS).  
 
Statistical Analyses 
For measurements of microbial diversity (richness, evenness, Shannon’s H’) and 
community composition, we tested for 1) within year differences in 2011, 2) between year 
differences by comparing peak aboveground biomass in July 2011 to 2012, 3) and between 
bulk and rhizosphere soil (i.e. soil origin) at peak aboveground biomass in 2012. For each 
diversity measurement, we conducted a full-factorial analysis of variance (ANOVA) on 
normalized data, with cropping system, topographic position and time as fixed effects and 
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block as a random effect. We found no difference between results of the mixed model, with 
block as random, and a simple model with no random effects. Therefore, we present results 
of the simpler model, which allowed us to include Tukey’s HSD to test for multiple 
comparisons of means. Full models with interaction between all main effects were tested, and 
non-significant interaction terms were removed from final models. PERMANOVA with 
9999 permutations were performed to test for significant differences in community 
composition using Bray-Curtis dissimilarity [39].  In addition, we summarized our OTUs at 
the order level and tested for taxa that significantly increased or decreased in rank within 
communities between bulk and rhizosphere soils.  We generated rank-abundance curves for 
bulk and rhizosphere samples within each plot, then calculated differences in rank (Δrank) for 
microbial orders between bulk and rhizosphere soil. We then bootstrapped 95% confidence 
intervals for Δrank by subsampling changes in rank position of a specific microorganism 
within each cropping system and topographic position.  When significant relationships were 
found for a particular microbial order (not containing 0 within the confidence interval), the 
Δrank analysis was extended to families and genera within that order. All analyses were 
performed in R v.3.0.2 [REF].   
 
Results 
Response of microbial community composition 
Topography influenced microbial community composition (Bray-Curtis dissimilarity 
of OTUs) for all analyses; soil from the summit differed from the back slope and toe slope 
for all time points in 2011 (Figure 1a; Table 1) and at peak aboveground biomass in 2011 and 
2012 (Figure 1b; Table 1). Topographic position also influenced differences in microbial 
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community composition between bulk and rhizosphere soil in 2012 (Table 1). Cropping 
system did not influence microbial community composition between any of the comparisons 
tested (Figure 1c; Table 1). Visual depiction of microbial community composition via NDMS 
shows that rhizosphere and bulk soil did separate, though this separation was not statistically 
significant (P=0.268; Figure 1d). There was no detectable effect of time on microbial 
community composition, both across months in the 2011 growing season and between years 
at peak aboveground biomass (Table 1). Overall, microbial community composition included 
the predominance of rare species with fewer dominant species. 
 
Responses of microbial diversity 
Overall, microbial diversity in the bulk soil consistently changed with topographic 
position. In 2011 and 2012, richness, Shannon’s H’ and evenness decreased from summit to 
toe slope (Figure 2; Table 1). Similarly, when bulk and rhizosphere soils were compared at 
peak aboveground biomass in 2012, microbial richness, Shannon’s H’ and evenness were 
greater on the summit than on the toe slope (Figure 3; Table 1).  
Richness in the bulk soil was greatest in spring compared to peak aboveground 
biomass and late summer in 2011 and there was no effect of year (2011, 2012) on samples 
taken at peak aboveground biomass (Figure 2a, Table 1). We were unable to detect cropping 
system effects among sampling dates in 2011 or within individual sampling times or between 
bulk and rhizosphere soil. However, when data was compared across years (2011, 2012) at 
peak aboveground biomass, including 2012 rhizosphere samples, we detected consistent and 
significant cropping system effects. Our results reveal the effect of cropping system on 
microbial communities only at peak aboveground biomass.  Specifically when rhizosphere 
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and bulk samples from 2012 were included, richness, Shannon’s H’ and evenness were 
greater in the perennial than annual system (Figure 3; Table 1).  Similarly, microbial richness 
(P=0.014) and Shannon’s H’ (P=0.073) were greater in the perennial compared to annual 
cropping system at peak aboveground biomass in 2011 and 2012 (Figure 2b).  
 At peak aboveground biomass, the rhizosphere was less rich (P=0.002) and less 
diverse (Shannon’s H’; P=0.07) than the bulk soil with no detectable changes in evenness 
(P=0.620). Of the 243 orders captured in this study, we used differences rank (Δrank) to detect 
shifts in the relative abundance of 16 bacterial orders between bulk and rhizosphere soil. Six 
microbial orders were enriched in the rhizosphere relative to the bulk soil. Thirteen orders 
were enriched in the bulk soil on the summit, while nine orders were enriched in the 
rhizosphere and 16 in the bulk on the toe slope (Table 2). Of these, Actinomycetales and 
Saprospirales were consistently enriched in the rhizosphere soil and Nitrospirales, 
Syntrophobacterales and MND1 were consistently enriched in the bulk soil (Figure 4). Only 
the two orders enriched in the rhizosphere, Actinomycetales and Saprospirales, had specific 
families and genera that were also more abundant in the rhizosphere. Within the 
Actinomycetales, Actinospicaceae, Frankiaceae, and Cellulomonadaceae, especially genera 
Cellulomonas, were relatively more abundant in the rhizosphere. Within the Saprospirales, 
bacteria within the family Chitinophagaceae were more abundant in the rhizosphere. Families 
and genera within Nitrospirales, Syntrophobacterales and MND1, in contrast, were equally 
enriched in the bulk soil. 
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Discussion 
We sought to investigate the role of cropping system, rhizosphere effects and 
topographic position in shaping microbial communities under field conditions. Based on 
previous results demonstrating differences in microbial activity between cropping systems 
but not topographic positions [26], we hypothesized that microbial community composition 
and diversity would be primarily shaped by cropping system. Consistent with results of 
microbial activity, microbial community differences were only detected coincident with peak 
aboveground biomass.  At this time, microbial richness, Shannon’s H’ and, to a lesser extent, 
evenness were greater in the perennial cropping system than the annual cropping system, 
without changes in overall community composition. Our finding of greater diversity without 
a change in composition implies microbial communities under perennials contain more rare 
taxa relative to the annual cropping system. When variation in community composition is 
large it can mask subtle yet detectable differences in diversity, such that differences in lowly 
abundant microbes did not contribute to differences in overall community composition 
between cropping systems.  Further, because cropping system effects were only detectable at 
peak aboveground biomass, our data suggest that plant phenology, such as timing of 
rhizodeposition and fine root inputs, stimulated these shifts in rare species [16,40]. 
Considering the remarkable stability of microbial composition across time, even with a 
drought in 2012, these shifts in diversity may account for previously observed temporal 
changes in microbial enzyme activity, respiration and mineralization [26].  
Rhizosphere communities were less rich than bulk soil communities, indicating a 
concentration of root-associated taxa in the rhizosphere soil independent of cropping system. 
This is consistent with recent reports showing differential selection of rare bacterial genera in 
  
72 
the rhizosphere of two maize varieties [41], a loss in OTU numbers in the rhizoplane 
bacterial community of four crop species [28], and the endophytic bacterial community of 
Arabiposis thaliana [42]. Given that we did not detect cropping system-specific effects on 
the rhizosphere microbial community (i.e. a soil origin x cropping system interaction), our 
work may support the premise that plant-specific effects may elicit a greater influence on the 
transcriptional activity of the community or on the composition of communities more 
intimately associated with plants, like the rhizoplane and endophytic communities rather than 
the composition of rhizosphere communities [27,28]. 
Together with less rich microbial communities, we observed consistent changes in 
relative abundance of a small number of microbial orders in the rhizosphere soil irrespective 
of cropping system and topographic gradient. More abundant in rhizosphere soils were the 
ubiquitous Actinomycetales, a filamentous group of bacteria that can promote plant growth 
[43,44], and Saprospirales, previously shown in high alpine systems to be predictive of plant 
cover, β-Glucosidase activity, soil water, dissolved organic C, and pH [45]. Enrichment of 
specific families and genera within these orders suggests an importance of plant cell wall 
material, in the case of cellulose degraders Cellulomonadaceae, and fungal cell wall material, 
in the case of chitin degrades Chitinophagaceae, for the selection of organisms to the 
rhizosphere. The fact that shifts in these taxa were not cropping system-specific suggests that 
they may be more general rhizosphere colonizers.  
Contrary to previous findings suggesting Nitrospira are also rhizosphere generalists 
[46,47], Nitrospirales were less abundant in the rhizosphere compared to bulk soil. Given 
findings by Turner et al., who found depletion of Nitrospira in the rhizosphere of a legume 
(pea) relative to the bulk soil, the depletion of Nitrospirales in the rhizosphere that we 
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observed might be attributable to N fertilization of these soils.  Under N limiting conditions, 
N-rich microsites can select for both roots and nitrifiers [48]. When N is not limiting for 
plants and/or nitrifiers, however, other selective forces may take precedent over their 
distribution and co-occurrence, implying that resource needs by plants can lead to the 
enrichment or depletion of some taxa in the rhizosphere. Selective conditions in the bulk soil, 
such as compaction from lack of root penetration, may also lead to taxon enrichment or 
depletion, as demonstrated by the greater abundance of strict anaerobes like 
Syntrophobacterales in bulk soil compared to the rhizosphere soil.  
In contrast to diversity, microbial community composition did not respond to 
cropping system or soil origin (rhizosphere vs. bulk) soil. This lack of observed effect stands 
in contrast to previous field studies that have found differences in microbial community 
composition, and in particular N cycling communities, in the bulk soil of perennial bioenergy 
cropping systems [49,50]. Although the legacy of conventional, annual-based agriculture 
may have limited cropping system effects to overall community composition [51-53], it has 
not prevented changes in microbial communities in response to perennial bioenergy cropping 
systems in similar soils in the Corn Belt of the United States  [49,50,54]. The most unique 
attribute of the perennial cropping system in this study is N fertilization, which is not part of 
perennial cropping systems in other studies. Therefore, while other factors can not be ruled 
out, N fertilization at this site may have structured overall microbial community composition 
irrespective of plant cover [55].  
Microbial community composition was most strongly and consistently affected by 
topographic position.  Generally, microbial communities on the summit were distinct from 
those on the back slope and top slope positions. While individual soil physiochemical 
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characteristics do not differ among the three topographic positions, previous research at this 
site has shown that the summit is different than back slope and toe slope with respect to 
potassium and phosphorus concentration [33]. Although not often considered in studies of 
microbial biogeography, phosphorus and potassium concentrations correlate with the 
abundance of microbial phyla in agricultural fields [56] and, thus, may be important drivers 
of microbial communities when N-limitation is relieved through the addition of fertilizer.  
We recognize that edaphic factors often co-vary such that topographic position results in 
uncharacterized effects; additional work is needed to tease apart whether specific edaphic 
factors or suites of factors influence microbial communities. Nonetheless, our results 
contribute to a growing body of literature supporting the notion of a filtering from the bulk 
soil to the rhizosphere, and then rhizoplane and root interior [28], with management practices 
potentially masking plant-specific effects in the rhizosphere. 
 
Conclusions   
Topographic position was the strongest and most consistent driver of microbial 
community composition. Given that both cropping systems were fertilized, this suggests that 
soil properties associated with topography and N fertilization had precedent over plant effects 
in shaping microbial community composition in these soils. Although they did not affect 
overall compositional changes, we observed greater microbial diversity and shifts in the 
relative abundance of a few microbial orders at peak aboveground biomass in the perennial 
cropping system. Therefore, filtering from the bulk soil may mean that plants, perhaps 
through phenological changes, select for a small subset of bacterial taxa irrespective of 
cropping system and differences in community composition among topographic positions. 
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Further, we identified lifestyles (i.e. filamentous) and metabolic capabilities (i.e. cellulose 
and chitin degradation, but not nitrate-oxidation) associated with the rhizosphere of these 
fertilized crops. Additional mechanistic-based experiments are needed to determine the 
relevance of these shifts to microbial community function, but this research suggests 
consistent signals of less abundant organisms may provide novel insights into composition-
function relationships of soil microbial communities.  Overall, this work contributes to a 
growing body of literature that demonstrates the hierarchy of abiotic and biotic factors 
driving microbial community assembly, which is important to consider when scaling 
microbial communities to ecosystems in a landscape context.  
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Tables 
 
Table 1. Significance of ANOVA for microbial richness, diversity and composition  
Source of variation Richness Shannon’s 
H’ 
Evenness Community 
Composition 
Bulk soil within year, 
June, July, August 2011 
    
CS 0.839 0.753 0.800 0.644 
LP <0.001 <0.001 <0.001 0.006 
Month 0.029 0.136 0.240 0.836 
LP x CS  NS NS NS NS 
LP x Month NS NS NS NS 
CS x Month NS NS NS NS 
LP x CS x Month NS NS NS NS 
Bulk soil between years, peak 
aboveground biomass 2011 & 2012 
    
CS 0.014 0.073 0.177 0.592 
LP <0.001 <0.001 0.001 0.012 
Year 0.206 0.514 0.752 0.663 
LP x CS  NS NS NS NS 
LP x Year NS NS NS NS 
CS x Year NS NS NS NS 
LP x CS x Year NS NS NS NS 
Soil origin (bulk or rhizosphere soil),  
July 2012 
    
CS 0.007 <0.001 <0.001 0.268 
LP <0.001 <0.001 <0.001 0.011 
Soil origin 0.002 0.070 0.620 0.184 
LP x CS  NS NS NS NS 
LP x Soil origin NS NS NS NS 
CS x Soil origin NS NS NS NS 
LP x CS x Soil origin NS NS NS NS 
*
Community composition was evaluated from Bray-Curtis dissimilarity matrices based on OTUs  
LP is Topographic position; CS is Cropping System; NS means interaction terms were not significant 
at α > 0.1 and removed from the model 
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Figure 1 
 
Figure 1. Differences in microbial community composition using the Bray-Curtis metric of 
β-diversity. (a) Community composition within the 2011 growing season, (b) at peak 
biomass in 2011 and 2012 on the summit (grey), back slope (dark blue) and toe slope (light 
blue), (c) between the annual (corn, yellow) and perennial (switchgrass, green) cropping 
systems, and (d) between bulk (brown) and rhizosphere (red) soils. Only effects of 
topographic position were detected for all comparisons.   
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Figure 2 
 
 
Figure 2. Changes in microbial richness, diversity (Shannon’s H’) and evenness at three 
topographic positions throughout the 2011 growing season on the summit (grey), back slope 
(dark blue) and toe slope (light blue). These variables were not affected by cropping system 
or sampling date so values represent means and 95% CI’s of combined annual and perennial 
treatments at each sampling time.  
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Figure 3 
 
 
Figure 3. Changes in microbial diversity in the bulk (circles) and rhizosphere (triangle) soil 
from annual (corn, yellow) and perennial (switchgrass, green) cropping systems at two 
topographic positions at the Landscape Biomass Project. Means and 95% CI’s are shown.  
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Figure 4 
 
 
Figure 4. Change in rank abundance from bulk to rhizosphere soil for Actinomycetales, 
Saprospirales, Syntrophobacterales, Nitrospirales, and MND1 bacterial orders. 
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Supplementary Materials 
Table S1. Soil sampling details for the experiment, which was conducted at the Landscape 
Biomass Project, Boone County, IA, USA. 
Sampling  Year Date Soil sample* Location 
Spring  2011 June 6 Bulk Summit, back slope, toe slope 
Peak aboveground biomass  2011 July 13 Bulk Summit, back slope, toe slope 
Late summer  2011 August 23 Bulk Summit, back slope, toe slope 
Peak aboveground biomass  2012 July 11 Bulk Summit, back slope, toe slope 
Peak aboveground biomass  2012 Rhizosphere Summit, toe slope 
*Bulk soil refers to soil not adhered to a root surface while rhizosphere soil refers to soil adhered to a 
root surface. 
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Table S2. Changes in the relative abundance of microbial orders from bulk to rhizosphere 
soil on the summit and toe slope positions at the Landscape Biomass Project. Soil samples 
were taken mid-summer, at peak biomass in 2012. 
Summit Toe slope 
Orders decreasing Orders increasing Orders decreasing Orders increasing 
Saprospirales*
 
32-20 Saprospirales* BPC015 
Actinomycetales* A21b Actinomycetales* CCM11a 
Cytophagales Defulfuromonadales Bdellovibrionales Cenarchaeales 
JG30-KF-CM45 FW68 Burkholderiales CFB-26 
Methylphilales Gaiellales Ellin7246 Chtoniobacterales 
RB41 MKC10 Opitutales Ellin6513 
 MND1* Rhizobiales Enteromicrobiales 
 Nitrospirales* Sphingomicrobiales FAC87 
 Oscillatoriales Streptophyta LLb 
 Rhodospirillales  MND1* 
 Rubrobacterales  MVS-40 
 Solirubrobacterales  Nitrospirales* 
 Syntrophobacterales*  NRP-J 
   S0208 
   Spirobacillales 
   Syntrophobacterales* 
 *Microbial orders with consistent changes on summit and toe slope
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Figure S1. Experimental design of five cropping systems and five topographic positions at 
the Landscape Biomass Project in Boone County, IA, USA, showing elevation. Bulk soil 
samples were taken only from perennial and annual cropping systems on the summit, back 
slope and toe slope, denoted in bold and by asterisks. Rhizosphere soil was sampled only 
from summit and toe slope positions. Modified from Wilson et al. 2014. 
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CHAPTER 5 
FINE-SCALE ENVIRONMENTAL HETEROGENEITY STRUCTURES 
MICROBIAL COMMUNITIES WITHIN AND ACROSS LAND USE 
 
A paper formatted for The ISME Journal 
Sarah K. Hargreaves, Alice E. Milne and Kirsten S. Hofmockel 
 
Abstract 
Understanding the spatial distribution of organisms is a fundamental pursuit in 
ecology. Spatial patterns provide important clues to how biodiversity is generated and 
maintained and can help guide management strategies that promote ecosystem functioning. 
Recent work has focused on spatial patterning of microbial communities and its 
environmental determinants. However, an understanding of local-scale heterogeneity within 
and across land uses and scales is lacking. We investigated the distribution of microbial 
communities and enzyme activity across 6 spatial scales (2-256 m) and two land uses in 
central Iowa, USA. We sampled soil at 1-m increments along a 256-m transect and estimated 
community abundance, diversity, richness and relative abundance of specific phyla by16S 
rRNA bar-code sequencing, and measured the activity of enzymes involved in carbon, 
nitrogen and phosphorus cycling and soil physiochemical properties. Using wavelet analysis, 
we quantified variation of each variable across scales and identified organizing features of 
this variability. We also investigated scale-specific relationships with enzyme activity to 
relate microbial communities to ecosystem function. We found substantial fine-scale (2-m) 
heterogeneity in microbial parameters. Microbial communities in the grassland soil were 
more spatial heterogeneous but more phylogenetically clustered than the cultivated soil, 
suggesting a dampening of fine-scale heterogeneity and stochastic processes of microbial 
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community assembly in the cultivated soil.  Enzyme activity was predicted by a combination 
of soil texture, soil carbon, moisture, nitrate and microbial parameters. Of the microbial 
parameters, acid phosphatase was best predicted by microbial abundance at coarse scales 
while N-acetyl glucosaminidase was best predicted at finer scales. B-glucosidase showed 
correlations with the abundance of Proteobacteria, Bacteroidetes and Verrucomicrobia, 
suggesting a unique role of community composition to the activity of this enzyme. This study 
highlights the sensitivity of variation as a response variable and the importance of scale when 
considering how microbial communities and the ecosystem functions they govern are 
structured in space. 
 
Introduction 
It is well established that ecosystem functions exhibit large spatial variation (Parkin 
1993; Baldrian 2014). More recent work has revealed that soil microbial communities 
underpinning these processes are also non-randomly distributed in space (Ritz et al.; 
Philippot et al. 2009; Franklin & Mills). These findings suggest that new insights can be 
gained from studying the “signal in the noise” (Ettema & Wardle 2002), including the 
underlying evolutionary and ecological factors that shape microbial diversity (Levin 1992) 
and the underlying mechanisms that drive hotspots of microbial process rates (McClain et al. 
2003; Groffman et al. 2009). Therefore, integrating data on soil microorganisms and the 
ecosystem functions they govern across scales may be essential for developing strategies for 
ecosystem management and predicting globally important ecosystem functions (Levin 1992; 
Standing et al. 2007; Gonzalez et al. 2012). 
Spatial heterogeneity is a defining feature of the soil environment (Baldrian 2014; 
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Young 2004) resulting from interactions among soil properties that change at different spatial 
and temporal scales (Ettema & Wardle 2002). At coarse spatial scales, patterning in soil is 
structured in large part by land use, which in turn drives changes in small-scale processes 
(Cambardella et al. 1994; Fraterrigo et al. 2005). For example, previous work in forest and 
grassland soils shows that soil heterogeneity is driven by uneven litter decomposition and 
deep rooting systems (Stursova & Baldrian 2010). In contrast, tillage, fertilization and 
maintenance of monocultures often result in homogenization of soil resources in cultivated 
soils (Robertson et al. 1993; Paz-Gonzalez et al. 2000). Investigations of microbial 
communities at finer scales provide evidence that land use effects on soil properties can 
influence the distribution of extracellular enzymes (Stursova & Baldrian 2010; Berner et al. 
2011; Acosta-Martínez et al. 2007), bacterial community structure (Lauber et al. 2009), and 
the abundance of functional groups of bacteria (Wessén et al. 2011; Bru et al. 2010; Philippot 
et al. 2009). Yet, few studies have integrated land use, soil properties, microbial activity and 
community composition across multiple scales. As a result, soil heterogeneity continues to 
limit our ability to scale microbial processes.  
A common approach for characterizing spatial patterning is to use geostatistical 
analyses. These methods determine the spatial structure of variance of a property of interest 
with the assumption that the variance of the property is stationary, or variance between two 
locations depends only on their separation in space and not on their location. In this way, soil 
is seen as continuous rather than divided by boundaries (Lark & Webster 2001). Even when 
averaged values remain unchanged across a continuum, variability itself is a sensitive yet 
understudied ecosystem property (Kratz et al. 2003; Benedetti-Cecchi 2003).  For example, 
altered spatial variability in soil resources can be a signature of land-use legacy (Fraterrigo et 
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al. 2005) and increased spatial variation in soil properties can be predictive of transition 
states in terrestrial ecosystems (Schlesinger et al. 1996; Su et al. 2006). By explicitly 
considering the response, or change, of variability we gain a better understanding of the 
predictability of changes to land use. 
A consequence of the sensitivity of soil variability to transitions, such land use, is that 
it can change systematically across a region such that it does not conform to the assumption 
of stationarity in the variance.  Even more, variation typically changes with scale and, as a 
result, correlations between two variables (i.e. microbial communities and process rates) are 
also scale dependent. This means that the overall correlation between two soil variables may 
be misleading, since a strong correlation at one scale may be obscured by a weak correlation 
at another (Milne, Haskard, et al. 2011a). This can lead to spurious correlations or dampening 
of relationships. To overcome these challenges, Lark and Webster (2001) proposed the use of 
wavelet analysis (Percival & Walden 2000). Wavelet analysis enables us to understand 
complex and scale-dependent variations in data series. In particular, it allows us to identify 
significant changes in variation of a single variable and to investigate the ramifications of this 
variation to scaling relationships between variables. Overall, these attributes make wavelet 
analysis perfectly suited for moving beyond mapping gradients to identifying organizing 
features of microbial communities (Lark & Webster 1999; Keitt & Urban 2005). 
The major aim of this study was to investigate the scale-dependence of the variation 
in microbial communities across two land uses.  More specifically, we characterized the 
variation in soil microbial communities (abundance, diversity, richness, composition and 
activity) across six spatial scales to (1) identify the scale that captures the most variation and 
(2) the extent to which variability of microbial communities is affected by land use, and (3) 
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the extent to which microbial function (extracellular enzyme activity) is correlated with 
scale-specific attributes of the microbial community (abundance, richness, diversity, 
composition). We predicted that relationships between variables would be strongest at the 
scales exhibiting the greatest variability. Our metric for ecosystem function is microbial 
extracellular enzyme activity because these enzymes mediate decomposition. We employed 
wavelet analysis to quantify the scale dependence of variation and co-variation of microbial 
parameters and identify changes in variation with respect to land use. To our knowledge, this 
is the first study to apply wavelet analysis to microbial ecology.  
 
Materials and methods  
Site selection and soil sampling 
One requirement for wavelet analysis is that data be collected along a transect of at 
least 256 evenly spaced points (Percival & Walden 2000). For this reason, a 256-meter long 
transect with one meter intervals was established in Boone County, IA (41° 55' 42.71" N, 93° 
45' 29.58" W) in September 2011. The eastern portion of the transect was a grassland soil 
under an uncultivated, unfertilized monoculture of switchgrass (Panicum virgatum L.), which 
covered approximately 60% of the transect. The remaining portion of the transect was 
cultivated with corn (Zea mays L.) in a no-till corn-soy (Glycine max) rotation. The cultivated 
field was fertilized at a rate of 168 kg/ha ammonia in November 2010, and 134.5 kg/ha of 
phosphate, 168 kg/ha potassium, 259 kg/ha of monoammonium phosphate and 280 kg/ha 
potash in April 2011, and corn was planted on May 6, 2011. Soil series along the transect 
included three Mollisols. The grassland portion of transect consisted of Coland (fine-loamy 
mesic Cumulic Endoaquolls) for the first 35-m, transitioning to Spillville soils (fine-loamy 
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mesic Cumulic Hapludolls) from 35-100 m, with a Clarion soil (fine-loamy mesic Typic 
Hapludolls) from 100-256 m (Table 1). While the exact transition point between the 
grassland and cultivated soil was at 153 meters, we considered the region between 150 – 170 
m as the transition in land use due to poor corn growth at the edge of the cultivated field 
(Table 1). Such a transect, capturing changes in soil properties due to topography and land 
use, is ideal for wavelet analysis because it increases the likelihood of detecting spatially-
explicit patterns in soil. Replicate transects were not needed because the goal of wavelet 
analysis is to study spatial structure of the variation of variables, but not to improve an 
estimate of the mean of a variable. Soil cores (0-10 cm, 2.2 cm in diameter) at each meter 
interval, for a total of 256 samples. Soils were kept on ice until they were transported to the 
lab, where they were sieved to 4 mm, homogenized and picked of any root or plant material. 
Transect establishment and soil sampling took place over the course of two days, with no 
significant changes in weather conditions.  
Measurements of soil characteristics and microbial biomass 
From the sieved soil, sub-samples of soil were evaluated for % total carbon (C) and 
total nitrogen (N) (LECO, TruSpec CN, St. Joseph, MI); pH, using 10 g soil and 10 mL 
deionized water (Miller & Kissel 2010); and % silt + clay fraction, using a simplified particle 
size analysis (Kettler et al. 2001). Microbial biomass was determined via the direct-
extraction-fumigation method (Vance et al. 1987) and a TOC-L analyzer (Shimadzu 
Corporation, Columbia, MD, USA) was used to measure microbial carbon as non-purgeable 
organic carbon and microbial nitrogen as total nitrogen. Conversion factors of 0.45 for C and 
0.54 for N were used to convert organic C and N to microbial biomass (Brookes et al. 1985; 
Vance et al. 1987). Total non-purgeable organic carbon (salt-extractable dissolved organic C, 
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DOC) and inorganic nitrogen (nitrate, NO3
-
-N and ammonium, NH4
+
-N), measured via 
spectroscopy (Hood-Nowotny et al. 2010), were determined from the non-fumigated  
microbial biomass extracts. Field moisture was measured as water mass loss upon drying at 
105 °C to a constant weight. Sample order was randomized for all analyses.  
Measurements of extracellular enzyme activity 
To understand the spatial patterning of microbial activity associated with 
decomposition, we measured potential extracellular enzyme activity (EEA) in a random order 
of all 256 soil samples for one group of extracellular enzymes involved in each of C, N and 
phosphorus (P) cycling: β-1,4-glucosidases (BG, EC 3.2.1.21, which hydrolyze cellobiose 
into glucose), N-acetyl glucosaminidases (NAG, EC 3.2.1.52, which hydrolyse glucosamine 
from chitobiose and breakdown chitin and peptidoglycan) and acid phosphatases (AP, EC 
3.1.3.2, which cleave phosphate groups). Briefly, soil was homogenized in 100 mM maleate 
buffer at pH 6.5 using a Tissue-Tearor (Biospec Products, Inc., Bartlesville, OK) and enzyme 
activity was induced with the addition of methylumbelliferone (MUB)-linked substrates at 
saturating concentrations (400 μM for BG and NAG and 800 μM for AP). Soil and substrate 
blanks, quench wells, and MUB standard curves were run in replicates for each sample. After 
incubation (23°C, for up to 3 h), fluorescence was measured in 96-well plates using 360 nm 
excitation and 460 nm emission filters (BioTek Synergy HT plate reader, BioTek 
Instruments, Inc., Winooski, VT, USA) and activity was calculated following (German et al. 
2011). Before beginning the experiment, linearity of the reaction was confirmed for the 3 h 
incubation. Given the wide pH range along the transect (5.7–7.9), we chose to run assays at 
pH optima, as determined by assessing activity of each enzyme with soils from the adjacent 
field with the same soil types at increments of 0.5 over a pH range of 4–8.5 (Turner 2010). 
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Bacterial community analyses 
DNA was extracted from a 0.25 g sub-sample using the PowerSoil®-htp 96 Well Soil 
DNA Isolation Kit (MoBio, Carlsbad, CA, USA) with modifications following the Earth 
Microbiome Project (EMP; www.earthmicrobiome.org/emp-standard-protocols). DNA 
concentrations were determined via PicoGreen fluorometry. Samples were randomly 
assigned to positions in three 96-well DNA extraction plates and this assignment was used 
for quantification of 16S rRNA gene abundance and 16S rRNA gene sequencing.  
16S rRNA gene abundance 
Quantitative polymerase chain reaction (qPCR) was used to quantify the abundance 
of the 16S rRNA gene (Eub338, Eub 518; (Fierer et al. 2005).  Reactions were carried out in 
an Eppendorf Mastercycler ep realplex (Eppendorf, Hauppauge, NY, USA) using SYBR
®
 
Green PerfeCTa qPCR SuperMix (Quanta Biosciences, Inc. Gaithersburg, MD, USA).  Each 
reaction contained 0.4 µM of each primer and 0.5 of DNA in 20 µl reaction volumes.  
Thermal cycling conditions were as follows: 1 cycle at 95˚C for 3 min followed by 40 cycles 
at 95˚C at 15s, 60˚C at 30s, and 72˚C for 30s.  Two independent qPCR reactions were 
performed on each soil sample. In addition, two no-template controls were run in each assay, 
which did not generate product, and dissociation curves confirmed the specificity of the PCR 
product.  Gene abundance was calculated by comparing standard curves generated via the 
Stock I method to standard curves generated from plasmid DNA containing cloned inserts of 
16S rRNA gene (Hargreaves et al. 2013; Gallup & Ackermann 2008).  Our Stock I had an 
efficiency that ranged from 95-98%; the efficiency of the plasmid-based 16S rRNA standard 
curve was 114%.  
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16S rRNA gene sequencing 
To assess the diversity and composition of the bacterial communities found in each of 
the 256 samples, we followed EMP standard protocols (Caporaso et al. 2012). PCR 
amplifications were conducted using the 515f/806r primer set to amplify the V4/V5 region of 
the 16S rRNA gene, and overlapping paired-end 150 base reads were obtained using an 
Illumina MiSeq sequencing system at the Next Generation Sequencing Core (Argonne 
National Laboratory).  
The raw 150-bp sequence reads were merged using EA-Utils fastq-join (Aronesty 
2013). Merged sequences were then processed with QIIME v.1.7.0 (Caporaso et al. 2010), 
using default parameters for quality filtering and demultiplexing. We assigned taxonomy by 
using closed reference UCLUST clustering (Edgar 2010) against the May 2013 release of the 
Greengenes database filtered at 97% sequence identity (McDonald et al. 2011), after which 
all further downstream analyses were performed in R v.3.0.2. Specifically, we required that 
all operational taxonomy units (OTUs) have a count of at least two reads across all samples 
(Roberts 2013), after which all data were rarefied to 7547 sequences per sample (Oksanen et 
al. 2013) prior to downstream analysis. Alpha (α)-diversity was calculated as richness, or the 
number of observed OTUs after removing singletons and rarefying, and by using the 
Shannon’s Diversity index (H’), which accounts for both abundance and evenness of OTUs 
in a sample. β-diversity was calculated using the Bray-Curtis dissimilarity metric (Oksanen et 
al. 2013).  
We used net relatedness index (NRI) to test whether OTUs of a specific sample were 
more phylogenetically related to one another than to other OTUs found in all samples 
(Horner-Devine & Bohannan 2006). The degree of phylogenetic relatedness in a community 
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can indicate the processes that influenced assembly of the community, like the extent to 
which a community is shaped by environmental filtering (Webb et al. 2002). When 
measuring NRI, most studies use a mean and standard deviation with assumption of a 
normally distributed edge distances.  We observed a right-skewed distribution of branch 
lengths and assumed that it was approximately log-normal.  Therefore, mean phylogenetic 
distances and standard deviation were calculated from the mean of the log-normal 
distribution and the square root of the variance of the log-normal distribution, respectively.  
Additionally, random draws from the log-normal distribution of branch distances generated 
either positive or negative values of NRI resulting from random draws from the tail of the 
distribution, thus creating opposing interpretations of phylogenetic dispersion or clustering.  
Therefore, we calculated the mean value from 1000 permutations.  For the calculations of 
NRI, we also simplified our phylogenetic tree to minimize computational time by 
summarizing our phylogenetic tree at the order level, that is, we averaged distances between 
OTUs from one order to another.   
Statistical analysis 
We had missing data points for a few sample and analyses (Table S1) but because 
wavelet analysis uses is dilated in dyadic sequence (factors of 2), datasets could contain no 
missing values. We compared three methods of filling in missing data points: 1) taking the 
mean between the boarding points, 2) generating a random number between the boarding 
points, and 3) performing Monte Carlo simulations from a normal distribution with mean and 
standard deviation from the boarding points. After calculating wavelet coefficients (see 
below) for a subset of the datasets, we chose to fill in missing data points by generating a 
random number between the transect points on either side of the missing point (method 2). 
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For estimates of β-diversity, which require two consecutive data points to calculate the index, 
the last data point along the transect was filled in by generating a random number between 
the two points preceding it. We chose the random number generator over using the mean 
because, for β-diversity estimates, it allowed us to generate two consecutive missing points. 
Similarly, we chose it over using Monte Carlo simulations because, for a few variables, the 
random number from a Monte Carlo simulation produced an artifact in the variation at 
missing points 54 and 55 that was not seen in any of the complete data series (data not 
shown).  
Descriptive statistics 
To test for differences in the mean response of biogeochemical characteristics, 
extracellular enzyme activity, diversity and abundance between the grassland and cultivated 
soils, we performed a permutational MANOVA (PERMANOVA) with 9999 permutations 
(Anderson 2001).  Non-metric multidimensional scaling (NMDS), using Bray-Curtis 
distances between samples, was performed to visualize the difference in bacterial community 
composition between the grassland soil, the transition portion of the transect (points 150-170) 
and the cultivated soil (vegan package).  Bray-Curtis was used to observe differences in 
taxonomic composition independent of phylogeny on abundances that were scaled between 0 
and 1 within each sample (i.e. relative abundance).  We used Bray-Curtis rather than a 
phylogenetic distance like UniFrac (Lozupone & Knight 2005) because it can be more 
sensitive to differences in community composition than measures that involve phylogenetic 
distance (e.g. (Shade et al. 2013).  PERMANOVA (Adonis function; vegan package) with 
9999 permutations were performed to test for significant separation in biochemical 
characteristics, including EEA, and community composition among transect sections 
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(Anderson 2001).  Bray-Curtis distance matrices were used to test community composition 
and Euclidean distance was used to test biogeochemical data due to the continuous nature of 
these data. All statistics were performed using R v.3.0.2. 
Spatial analysis using wavelet transform 
For spatial analysis, we used the maximal overlap discrete wavelet transform 
(MODWT) function proposed by (Percival & Guttorp 1994) with analyses previously 
described in detail (Percival & Walden 2000; Lark & Webster 1999; Milne, Lehmann, et al. 
2011b; Lark & Webster 2001) to partition the variation of each parameter into additive 
components that correspond to different intervals of spatial scale, from fine (short-range, 2-4 
meters) to coarse (long-range, 64-128 meters) (Question 1). Briefly, this was done by 
calculating wavelet coefficients that describe the degree of similarity between the MODWT 
function and each data point along the transect. The wavelet variances of each dataset were 
calculated for a total of six scale intervals by dilating the MODWT function five times and 
calculating wavelet coefficients after every dilation.  Similarly, we computed scale-specific 
wavelet correlations between variables in a similar way (Question 3) (Lark & Webster 2001), 
and judge a correlation to be significant if the 95% confidence interval excluded zero. 
To evaluate intermittency of the variation, or organizing features of the variation, we 
looked for significant changes in variation along the transection (i.e. change points; Question 
2). A greater number of change points within the grassland or cultivated portion of the 
transect indicated greater variability in that soil, and significant change points specifically 
within the transition zone (transect points 150 – 170) were attributed to land use. For every 
dataset, this was done by computationally searching each scale of wavelet coefficients for the 
strongest inflection. The difference in variation between the two segments on either side of 
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the inflection was tested against the null hypothesis of uniformity in variation, or stationarity. 
To do this, we generated a sample distribution via a Monte Carlo model that was based on 
simulated data from the stationary model. This distribution was used to test for the difference 
in variation between the two segments on either side of the inflection and testing the 
difference between the wavelet variation on either side of the inflection against a null 
hypothesis of underlying stationarity, or uniformity, in variation (Milne, Haskard, et al. 
2011a; Webster & Oliver 2007). If a significant change point was detected, the sections on 
either side of it were similarly analyzed for further change points, until the transect was 
divided into segments within which the wavelet variation appeared to be uniform (Milne, 
Haskard, et al. 2011a).  
We chose to eliminate total soil N, microbial biomass N, and Jaccard index for most 
analyses for three reasons. First, total soil C and total soil N were correlated (Pearson 
correlation coefficient, r = 0.95, P<0.0001) and microbial biomass C and microbial biomass 
N were correlated (Pearson correlation coefficient, r = 0.93, P<0.0001). Second, the multi-
resolution analyses produced similar plots for total soil C compared to total soil N and 
microbial biomass C compared to microbial biomass N (Figure 2g,k; Figure S1a,b). Lastly, 
we found no significant change between grassland and cultivated soils for total soil C:N 
(permutation tests, P=0.07) or microbial biomass C:N (permutation test, P=0.71). We used 
only the Bray-Curtis index of β-diversity in the wavelet analysis. The Jaccard index, based on 
presence/absence data, showed a similar response to the two land management practices 
(Table 2) and across the transect (Figure 2o; Figure S1c). 
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Results 
Soil characteristics 
For all soil properties tested, mean values differed between the cultivated and 
grassland soils. Mean values for soil moisture, % silt + clay, total soil C, salt-extractable 
dissolved organic C, nitrate and ammonia were greater in the grassland soil, and soil pH was 
more basic in the cultivated portion (Table 2). Coarse scales captured most of the variability 
in soil moisture, % silt + clay, TC and pH, while fine scales captured most of the variability 
in salt-extractable DOC, NH4 and NO3 (Figures 2 & 3). For all soil properties, most of the 
significant change points in variability were detected at finer scales (2-16 m). In general, we 
detected a greater number of change points in the grassland portion of the transect. In the 
grassland soil, TC, % silt + clay, DOC, and extractable NO3 and NH4 were more variable 
than the cultivated soil at the finest scales (2-4 m) (Figure 2). Soil moisture was more 
variable in the cultivated compared to grassland soil at the 8-m scale (Figure 2). Distinct 
change points between land uses were detected in TC, % silt + clay, soil moisture, and 
extractable NO3 and NH4, with change points demarking the change in soil type for DOC, 
NH4 and TOC. The only significant change point in pH was detected within the grassland 
soil portion of the transect at the 32-m scale (Figure 2).  
Microbial extracellular enzyme activity 
Compared to the cultivated portion, mean values in the grassland soil were greater by 
2.3x for AP, 1.6x for BG and 2.3x for NAG (Table 2). This difference in land use was 
detected by the PERMANOVA and visualized in the NMDS of soil characteristics, enzyme 
activity and microbial biomass (Figure 1a, P<0.001). Fine scales (2-8 m) captured most of 
the variation in microbial extracellular enzyme activity (Figures 2 & 3). At the finer scales, 
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AP, BG and NAG activity as more variable in the grassland soils compared to the cultivated 
soil (Figures 2 & 3). A significant change point at the land use transition for all three 
enzymes was also detected at the finest scales (Figure 2).  
Microbial abundance 
Mean values were greater by 2.0x for MBC and 1.9x for 16S rRNA gene abundance 
in the grassland soil compared to the cultivated soil. Most of the variation in these two 
measurements of abundance was captured at the finest scale (Figures 2 & 3). Within the 
transition between land uses, we detected a significant change point demarcating increased 
variability in the grassland soil compared to the cultivated soil for MBC and 16S rRNA gene 
abundance at scales 16-m and finer (Figure 2).  
Bacterial richness and diversity 
All measurements of diversity and community composition differed between 
grassland and cultivated soils. Mean values of richness, Shannon’s H’ index of α-diversity 
and Bray-Curtis index of β-diversity were slightly greater in the cultivated soil (Table 2). In 
contrast, NRI was greater in the grassland soil, meaning that bacterial communities in the 
grassland soil are on average more closely related to one another at the order level than they 
are to a random distribution from a phylogenetic tree generated from all OTUs sequenced 
from these soils. NRI in the cultivated soil was not significantly different from 0 at P>0.05 
(95% CIs overlapped 0; data not shown). Fine scales (2-16 m) captured most of the 
variability in microbial richness, diversity, turnover (β-diversity) and phylogenetic 
relatedness (NRI) (Figures 2 & 3). For diversity (Shannon’s H’ index of α-diversity and β-
diversity), significant changes in the wavelet variance at the finest scale coincided with the 
transition in land use. Shannon’s H’ had a larger wavelet variance in the grassland soil 
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compared to the cultivated soil; conversely, β-diversity had a larger wavelet variance in the 
cultivated soil (Figure 2). No significant change points in variability were detected at any 
scale for bacterial richness or NRI. 
Bacterial community composition 
Given that 55 unique phyla were sampled in this study, we limited our analyses to 
bacterial phyla representing at least >2% of the total sequences captured (Table S2). This 
included the eight phyla Acidobacteria (22%), Actinobacteria (2.5%), Bacteroidetes (16%), 
Firmicutes (3.4%), Proteobacteria sub-phyla alpha (7.5%), beta (8.6%), delta (5.7%), and 
gamma (6.8%), and Verrucomicrobia (19%). Due to its previously documented response to 
inorganic fertilizer  (e.g. (Freitag et al. 2005), we also performed analyses on Nitrospirae, 
which comprised 1.5% of the total sequences captured (Table S2). With respect to land use, 
mean abundance of Firmicutes, Gammaproteobacteria, and Verrucomicrobia was greater in 
the grassland soil compared to the cultivated soil and the mean abundance of 
Alphaproteobacteria did not significantly differ among land use types. However, the majority 
of the bacterial phyla analyzed, including Acidobacteria, Actinobacteria, Bacteroidetes, 
Nitrospirae, Betaproteobacteria, and Deltaproteobacteria, were more abundant in the 
cultivated soil compared to the grassland soil (Table 2). The NMDS of abundance of Bray-
Curtis distances showed a separation between the communities in the grassland and 
cultivated soils (Figure 1b; Adonis permutation analyses, P<0.001).  
For all of the bacterial phyla analyzed, most of the variation was captured at the finest 
scales (2-4 m) (Figures 2 & 3). For some of the bacterial phyla analyzed, we detected 
significant change points in the wavelet variance including a few within the transition in land 
use (Figure 3). At fine scales, we observed greater variance in the grassland soil compared to 
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the cultivated soil for the phyla Verrucomicrobia and Gammaproteobacteria, and greater 
variance in the cultivated soil for phyla Firmicutes and Nitrospirae (Figure 2). Additional 
change points were detected within the grassland soil for Acidobacteria, Bacteroidetes and 
Betaproteobacteria, and no significant change points in variation were detected for 
Actinobacteria, Alphaproteobacteria and Deltaproteobacteria (Figure 2). 
Scale-specific correlations  
To investigate potential relationships with microbial parameters, we quantified scale-
specific correlations with the soil properties. AP was positively correlated with DOC, soil 
moisture, NH4, NO3, % silt + clay, and total soil C and negatively correlated with pH at the 
8-m and 32-64 m scales (Figure S2).  BG and NAG were positively correlated with soil 
moisture, NO3, % silt + clay, and total soil C at fine scales (2-16 m) (Figures S3 & S4). 
Microbial biomass C showed the strongest relationships with a variety of soil properties. At 
fine scales, it was positively correlated with NH4 and negatively correlated with DOC. At 
coarse scales, it was negatively correlated with pH. Across scales, microbial biomass C was 
positively correlated with soil moisture, NO3, % silt + clay and total soil C (Figure S5). No 
significant correlations were detected for 16S rRNA gene abundance (Figure S6) although 
trends similar to MBC were observed. For richness and Shannon’s H’ (Figures S7 & S8), we 
detected a negative correlation with DOC at 64-m and no significant correlations were 
detected for β-diversity and NRI (Figures S10 & S11 & S13). For bacterial phyla, we only 
chose groups that showed significant fine-scale changes in variation associated with land use, 
including the Gammaproteobacteria, Firmicutes, Nitrospirae, and Verrocumicrobia. We 
detected no significant correlations with Firmicutes and Nitrospirae (Figure S11 & S13). At 
fine scales (2-16 m), Gammaproteobacteria were positively correlated with all soil properties 
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but DOC (Figure S12), while Verrucomicrobia were weakly negatively correlated with total 
soil C (Figure S14). 
To investigate the extent to which microbial function (EEA) can be predicted by 
attributes of the microbial community (Question 3), we quantified scale-specific correlations 
between EEA and microbial abundance, richness, diversity, and phyla abundance. AP was 
positively correlated with microbial biomass C and 16S rRNA gene abundance at the coarsest 
scales (32-64 m) (Figure S15). At fine scales, BG was positively correlated with MBC, 
richness, Shannon’s H’, Bacteroidetes, Betaproteobacteria, Deltaproteobacteria, and 
Gammaproteobacteria and negatively correlated with Verrucomicrobia (Figure S16). At 
coarse scales, BG was positively correlated with 16S rRNA gene abundance. NAG was 
positively correlated with MBC and Bacteroidetes at fine scales and negatively correlated 
with NRI at 16-m (Figure S17). 
 
Discussion 
Fine-scale heterogeneity structures microbial communities and enzyme activity 
In this study, microbial communities and enzyme activity exhibited two hallmarks of 
spatial complexity, the first of which was variability across a range of spatial scales. We 
observed increasing variation with decreased scale such that most of the variability in 
microbial communities and activity was captured at the finest scale used in this study (2 m; 
Figure 3). Intuitively it may be expected that, for microorganisms inhabiting a matrix as 
complex as soil (Young 2004), smaller scales should capture more variability. However, this 
result stands in contrast to previous work in terrestrial ecosystems at similar spatial scales. 
Greater variability between 1 m
2
 subplots than within the subplots was observed for 
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microbial communities measured using terminal-restriction fragments (TRFs) (Baker et al. 
2009) and increasing wavelet variances with scale (4 – 132 m) were observed for colony 
forming units of Azotobacter (Barnes et al. 2007). Most work investigating spatial patterning 
of microbial communities has employed geostatistical analyses (Philippot et al. 2009; Ritz et 
al. 2004; Franklin & Mills 2009), thus making direct comparisons with this data difficult. 
Nonetheless, the consistent finding of small-scale spatial autocorrelation suggests fine-scale 
heterogeneity was also not apparent in these studies.  
We propose two explanations for the deviation from other studies. First, most studies 
were conducted only in agricultural ecosystems. Given our evidence of fine-scale 
homogenization of microbial parameters by cultivation (see below), it is possible fine-scale 
heterogeneity in other agroecosystems was also less dominant. Second, microbial analyses 
and sequencing depth likely played an important role. Unlike our sequencing depth of 7547 
sequences per sample, corresponding to ~ 1600 OTUs per sample, earlier studies used 
methods with much less resolution. For example, CFU’s for measurements of abundance of a 
single organism (Barnes et al. 2007), and finger printing like TRFs or clone-based 
sequencing (sequencing depth ~ 100 OTUs) for measurements of diversity and structure 
(Baker et al. 2009; Horner-Devine et al. 2004). Prior to next generation sequencing, small 
sample sizes inhibited our ability to detect community turnover (Woodcock et al. 2006) and 
differentiate between communities in different samples. Therefore, experimental design 
combined with our ability to detect diverse communities and rare species likely contributed 
to our novel finding. 
The scale-specific heterogeneity observed in this study is important to consider when 
designing sampling strategies (Baker et al. 2009). When heterogeneity is found to be 
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negligible, it is reasonable to assume a single bulk sample has qualities consistent across an 
area of interest; if the goal of the project is to homogenize variability into a representative 
sample, then compositing multiple samples that capture the heterogeneity is a sound 
approach; if the goal is to identify factors driving this spatial patterning, then retaining 
heterogeneity is critical. The significant fine-scale heterogeneity we captured here suggests 
that sampling at scales at > 8 m will inhibit our ability to detect ecosystem-specific 
responses. Therefore, knowledge of scale-specific variability can improve our ability to 
parameterize microbial components in biogeochemical modes.  
 
Heterogeneity of microbial communities and enzyme activity depends on land use  
The second hallmark of spatial complexity observed in this study was intermittent 
dynamic shifts in, or organizing features influencing, variability of microbial communities 
and enzyme activity. We consistently detected a change in variability at the land use 
transition. These changes signified a dampening of fine-scale heterogeneity in the cultivated 
soil for microbial community abundance, diversity and activity, and indicate that microbial 
data violate the assumption of stationarity.  In contrast, variability in the abundance of 
specific bacterial phyla changed more sporadically across the transect and we observed no 
consistent trend for changes points demarking different soil types. Given the correlative 
nature of wavelet analysis, we are unable to definitively identify the effects of land use and 
topography, among other factors. Homogenization by intensive agriculture, however, is 
consistent with previous work contrasting cultivated soil and extensively managed diverse 
perennial grasslands (Robertson et al. 1993; Paz-Gonzalez et al. 2000). Thus, land use 
appears to be a dominant factor shaping fine-scale pattering of microbial communities but 
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not specific bacterial phyla at this site. 
What caused the observed fine-scale heterogeneity in microbial communities? Strong 
links between biological and environmental heterogeneity at broad spatial scales (Horner-
Devine et al. 2004) suggest that variability in soil properties may underlie the fine-scale 
variability in microbial parameters that we observed. Fine scale relationships between 
ephemeral pools (NH4, DOC) and MBC and enzymes likely reflect the importance of nutrient 
fluxes to growth and activity, while relationships with texture, total C and moisture (i.e. O2 
availability) likely reflect finer scale interactions that enzymes (Burns 1982; Allison 2006) 
and microbes (Wolf et al. 2013) have with soil particles and aggregates. However, the lack of 
overall explanatory power of these properties indicates that other, perhaps finer scale, 
mechanisms are important. It is possible variability in microbial biomass and specific phyla 
was a result of root impacts on soil structure and aeration, decomposition hotspots (Baldrian 
2014), or temporal effects on soil moisture (Evans & Wallenstein 2013), which were not 
measured here. In contrast, variability in diversity, richness, and NRI did not correlate with 
any of the soil variables measured, suggesting edaphic factors are less important for 
interactions within communities (i.e. competition, community assembly). 
Despite significant spatial heterogeneity of microbial variables in the grassland soil, 
we found evidence for increased stability of microbial community composition. Greater 
mean turnover (β-diversity) of bacterial communities in the cultivated soil coupled with our 
finding that 95% CIs for NRI in the cultivated soil overlapped 0 (data not shown) provides 
support for stochastic processes structuring community assembly in the cultivated soil (Kraft 
et al. 2007; Chase & Myers 2011). Consistent with this, β-diversity in the grassland soil was 
less variable than in the cultivated soil but Shannon’s H’ was more variable, implying 
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dynamic shifts in the relative abundance but not community assembly of taxa within the 
grassland community. Taken together, our data suggest that the composition, including 
phylogenetic relatedness but not evenness, of grassland microbial communities is more stable 
than communities in cultivated soils. Among the factors that differed between land use types, 
greater abundance of plant roots and soil moisture in the grassland soil (de Vries & Shade 
2013), a more temporally stable resource source from the perennial plants (Tilman 2004), 
and less disturbance in the grassland compared to the cultivated soil (Didham et al. 2005; 
Didham & Norton 2006) but see (Jiang & Patel 2008; Chase 2007) may have contributed to 
community stability.  
 
Scaling microbial activity across a heterogeneous landscape 
To investigate the ramifications of scale-specific variability for our ability to predict 
microbial activity (Question 3), we correlated enzyme activity with microbial abundance, 
richness, diversity and composition across the six spatial scales. We predicted that these 
relationships would be strongest at the scales exhibiting the greatest variability. This 
prediction was confirmed for BG and NAG. BG and NAG were predominately positively 
related to soil and microbial parameters at fine scales, where most of the variation in EEA 
was captured. While similar soil variables explained variation in all three enzymes, 
correlations with AP were predominately found at coarser scales. This suggests AP activity is 
less sensitive to small changes in edaphic factors, which may be a result of plant-derived 
forms of the enzymes since AP showed the greatest mean difference between grassland and 
cultivated soil (Table 2).  
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Because hydrolytic enzymes are widely distributed among taxa (Martiny et al. 2012), 
we also predicted EEA would be more strongly correlated with overall microbial abundance 
and diversity than the abundance of specific phyla. Contrary to our prediction and previous 
research showing the phylogenetic dispersion of BG (Martiny et al. 2012), we found 
significant correlations with BG and the abundance of specific bacterial phyla and richness. 
This finding suggests that phyla-level differences in community composition could, in part, 
regulate the distribution of BG. For the Proteobacteria and Bacteroidetes, these correlations 
were positive. However, BG was negatively correlated with Verrucomicrobia. This phyla is 
hypothesized to be an oligotroph (Fierer et al. 2013), therefore competitive exclusion of these 
organisms in nutrient rich patches may play a role in the community dynamics regulating BG 
(Keeler et al. 2008).  
 
Conclusions 
Understanding the factors structuring microbial communities across space is 
important as microbes govern important ecosystem functions. Results presented here provide 
evidence for considerable variability in soil microbial communities and enzyme activity at 
relatively fine spatial scales (2-8 m). This variation is coupled with the ability to detect 
relationships with environmental drivers at fine scales, such as ephemeral pools of DOC and 
inorganic N. Further, sampling at finer spatial scales allowed detection of specific phyla-
function relationships that can be difficult to detect with large-scale sampling within a 
landscape. Shifts in variability of microbial community abundance, diversity and activity 
associated with land use demonstrate fine-scale homogenization of soil microbial 
communities in cultivated compared to grassland soils. To our knowledge, this is the first 
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evidence for dampening of fine-scale heterogeneity of community-level microbial properties 
(abundance, α- and β-diversity, enzyme activity) by cultivation. Unique combinations of 
abiotic factors (soil texture, total C, moisture, DOC, inorganic N) and biotic (microbial 
community abundance and phyla abundance) predicted the spatial distribution of each 
enzyme at different scales, providing biological insights into the factors regulating enzyme 
patterns across a landscape. 
The ability of the wavelet approach to detect and contrast patterns occurring at 
different spatial scales has strong relevance to the general problem of disentangling drivers of 
microbial community dynamics. In the context of global change, scale-dependent analysis 
may prove useful in detecting changes in community dynamics resulting from land use 
change, which may have effects on community assembly that differ from those present in 
unmanaged ecosystems. This work highlights that fine-scale heterogeneity structures 
microbial communities and their activity both within and across land use types, and provides 
insights into the biotic and abiotic factors driving microbial enzyme activity across scales. 
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Tables 
Table 1. Description of land use and soil series mapped to points along the transect. 
Location (m) Event 
35 Coland to Spillville soil 
100 Spillville to Clarion soil 
153 Uncultivated grassland to cultivated corn 
150-170 Transition zone between land use 
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Table 2. Descriptive statistics of soil characteristics, microbial biomass, extracellular enzyme activity (EEA), bacterial diversity 
and the relative abundance of bacterial phyla from grassland and cultivated soils. Minimum, maximum and mean values are given, 
along with results from permutation tests assessing the difference between grassland and cultivated soil for each variable. Statistics 
for the abundance of rare bacterial phyla can be found in Table S3.  
  
Category 
  
Dataset 
Grassland soil Cultivated soil Permutation test Mean 
fold 
change
+
 Mean Min. Max. Mean Min. Max. F value P value 
Soil 
characteristics 
DOC (μg g
-1
) 27.6 0 70.8 17.8 0.1 43 69.68 0.0001 1.6 
Moisture (%) 0.19 0.15 0.23 0.12 0.1 0.23 869.8 0.0001 
1.6 
NH4 (μg g
-1
) 1.4 0.1 11.1 0.6 0 4.1 28.80 0.0001 2.3 
NO3 (μg g
-1
) 3.5 0.2 12.3 2.5 0.1 23.1 10.83 0.0005 1.4 
pH 6.7 5.7 7.4 7.3 6.4 7.9 208.0 0.0001 0.9 
Silt + Clay (%) 0.57 0.36 0.72 0.38 0.25 0.61 262.7    0.0001 1.5 
TC (%) 2.18 0.96 3.08 1.05 0.68 3.01 666.4 0.0001 2.1 
TN
* 
(%)
 
0.17 0.07 0.25 0.09 0.03 0.23 549.2 0.0001 1.9 
Microbial 
biomass 
MBC (μg g
-1
) 218 88 602 108 30 311 203.9 0.0001 
2.0 
MBN
* 
(μg g
-1
)
 
30 11.6 80 17 1 46 137.6 0.0001 
1.8 
EEA 
AP (nmol g
-1
 hr
-1
) 3055 1556 5505 1318 230 4014 300.0 0.0001 2.3 
BG (nmol g
-1
 hr
-1
) 997 350 2267 631 97 2665 54.10 0.0001 1.6 
NAG (nmol g
-1
 hr
-1
) 699 203 2172 306 89 1156 184.1 0.0001 2.3 
Gene 
abundance 
16S rRNA (copies g
-1
) 
7.1 x 
10
10 
4.8 x 
10
9 
2.3 x 
10 
11 
3.8 x 
10
10
 
 
2.0 x 
10
9 
9.6 x 
10
10
 
43.89  0.0001 
1.9 
 
Diversity 
Richness 1592 1208 2014 1721 1264 2106 31.67 0.0001 
0.9 
 
Shannon’s H’ 6.3 4.8 6.9 6.5 5.3 7.1 33.90 0.0001 0.97 
 
 
 
 
1
2
0
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Table 2 continued 
 
β-diversity (Bray Curtis) 0.47 0.32 0.66 0.5 0.33 0.81 12.26 0.0006 0.9 
 β-diversity (Jaccard’s
*
) 0.47 0.41 0.59 0.49 0.42 0.63 9.18 0.0021 0.96 
 NRI 0.0364 0.0015 0.0739 0.0291 -0.0075 0.0631 12.45   0.0005 1.3 
Abundant 
phyla 
(sequence 
count) 
 
 
 
 
 
 
 
 
 
 
 
 
 
Acidobacteria 1606 687 3108 1723 711 2366 5.82 0.0163 0.9 
Actinobacteria 167 57 499 213 97 443 26.39 0.0001 0.8 
Bacteroidetes 1125 377 2277 1227 374 2441 6.25 0.0121 0.9 
Firmicutes 289 62 990 208 7 1525 9.316 0.0023 1.4 
Nitrospirae 82 28 212 150 47 290 176.7 0.0001 0.5 
Proteobacteria - Alpha 
sub-phyla 
555 225 987 565 199 960 0.2142 0.6457 
NA 
Proteobacteria - Beta 
sub-phyla 
612 259 1175 701 329 1189 17.31 0.0001 
0.9 
Proteobacteria - Delta 
sub-phyla 
405 200 739 452 252 754 17.44 0.0002 
0.9 
Proteobacteria - 
Gamma sub-phyla 
591 140 4157 404 109 2718 11.65 0.0003 
1.5 
Verrucomicrobia 1631 375 4315 1166 294 3849 24.10 0.0001 
1.4 
+
Mean fold change between grassland and cultivated soils for significant differences only 
*
Datasets excluded from wavelet correlation analysis 
 
 
 
 
1
2
1
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Figures 
 
Figure 1.  NMDS plot showing differences in (a) biogeochemical characteristics, including 
soil characteristics, microbial biomass and enzyme activity, and (b) bacterial community 
composition (16S rRNA sequencing) between grassland and cultivated soils along the 256-
point transect. The 20 sampling points overlapping the two land management types (points 
150-170) are transition points. Adonis permutation analyses confirm that the grassland and 
cultivated soils are biogeochemically different (Euclidean distance; P<0.001) and contained 
bacterial communities that were different in composition (Bray-Curtis distance; P<0.001).  
 
 
  
-0.4
-0.2
0.0
0.2
-0.5 0.0 0.5 1.0 1.5
MDS1
M
D
S
2 Treatment
Cultivated
Grassland
Transition
-0.5
0.0
0.5
-0.5 0.0 0.5
MDS1
M
D
S
2 Treatment
Cultivated
Grassland
Transition
  
123 
Fig. 2 
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Fig. 2 continued 
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Fig. 2 continued 
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Fig. 2 continued 
 
  
127 
Fig. 2 continued 
 
Figure 2. Multi-resolution analyses of soil properties and microbial community activity 
abundance, diversity and composition using the MODWT transform along the 256-m 
transect. In each case the finest scale (2-m) coefficients are at the bottom and coarse scale 
coefficients (64-m) are at the top. Points 1-150 represent the grassland soil, points 150-170 
represent the transition between land uses, and points 170-256 represent the cultivated soil. 
Thick vertical black lines represent significant change points at specific scales. (a) Dissolved 
organic carbon, (b) soil moisture, (c) extractable ammonium, (d) extractable nitrate, (e) pH, 
(f) % silt + clay, (g) total soil carbon, (h) AP activity, (i) BG activity, (j) NAG activity, (k) 
microbial biomass C, (l) 16S rRNA gene abundance, (m) richness, (n) Shannon’s H’, (o) β-
diversity, (p) net relatedness index, (q) Acidobacteria, (r) Actinobacteria, (s) Bacteroidetes, 
(t) Firmicutes, (u) Nitrospirae, (v) Alphaproteobacteria, (w) Betaproteobacteria, (x) 
Deltaproteobacteria, (y) Gammaproteobacteria, (z) Verrocomicrobia. 
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Fig. 3  
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Fig. 3 continued 
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Fig. 3 continued 
 
 
Figure 3. Wavelet variances (), with 95% confidence intervals (°) for soil properties and 
microbial community activity abundance, diversity and composition using the MODWT 
transform. a) Dissolved organic carbon, (b) soil moisture, (c) extractable ammonium, (d) 
extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon, (h) AP activity, (i) BG 
activity, (j) NAG activity, (k) microbial biomass C, (l) 16S rRNA gene abundance, (m) 
richness, (n) Shannon’s H’, (o) β-diversity, (p) net relatedness index, (q) Acidobacteria, (r) 
Actinobacteria, (s) Bacteroidetes, (t) Firmicutes, (u) Nitrospirae, (v) Alphaproteobacteria, (w) 
Betaproteobacteria, (x) Deltaproteobacteria, (y) Gammaproteobacteria, (z) Verrocomicrobia. 
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Supplementary Materials 
Table S1. List of data points missing by data set. Missing data points were filled in by 
generating a random number between the two boarding points (see full text for details) 
except for point 256 for β-diversity measurements, which was filled in by generating a 
random number between the two preceding data points. 
Data set
1 
Missing data points Note 
Gravimetric weight 97  
Inorganic N  
(NO3 and NH4) 
31, 167  
16s rRNA gene 
abundance 
63, 135  
Richness, Shannon’s H’ 54, 55, 63, 135, 155, 230, 
238 
 
B-diversity (Bray-Curtis, 
Jaccard’s), NRI 
53, 54, 55, 62, 63, 134, 
135, 154, 155, 229, 230, 
237, 238, 256 
More missing because data obtained 
in pairs, therefore each missing data 
point = 2 missing pairs 
1
Data sets for %TC, soil texture, pH, MBC, DOC, and EEA had no missing data points 
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Table S2. Total and percent of each phyla and sub-phyla of Proteobacteria captured in this 
study, ranked by abundance.  
Phyla
1 
Count % 
Acidobacteria 412037 22.12 
Verrucomicrobia 359349 19.29 
Bacteroidetes 289941 15.56 
Betaproteobacteria 161224 8.65 
Alphaproteobacteria 138984 7.46 
Gammaproteobacteria 127475 6.84 
Deltaproteobacteria 105653 5.67 
Firmicutes 64016 3.44 
Actinobacteria 45993 2.47 
Planctomycetes 36704 1.97 
Gemmatimonadetes 29639 1.59 
Nitrospirae 27281 1.46 
Chloroflexi 21446 1.15 
Crenarchaeota 9035 0.48 
WS3 7140 0.38 
Cyanobacteria 5047 0.27 
Armatimonadetes 4652 0.25 
Chlorobi 3527 0.19 
Elusimicrobia 3493 0.19 
OD1 2687 0.14 
TM6 1858 0.10 
AD3 1104 0.06 
Spirochaetes 647 0.03 
OP3 519 0.03 
X0 431 0.02 
Fibrobacteres 401 0.02 
BRC1 382 0.02 
FCPU426 319 0.02 
Tenericutes 312 0.02 
FBP 311 0.02 
WPS.2 200 0.01 
GN04 194 0.01 
Chlamydiae 175 0.01 
TM7 158 0.01 
V1 153 0.01 
TA18 148 0.01 
OP11 107 0.01 
NKB19 92 0.00 
WS2 43 0.00 
BHI80.139 32 0.00 
X.Parvarchaeota. 25 0.00 
Euryarchaeota 11 0.00 
Zetaproteobacteria 11 0.00 
Fusobacteria 8 0.00 
GAL15 7 0.00 
Epsilonproteobacteria 5 0.00 
PAUC34f 5 0.00 
SBR1093 5 0.00 
SR1 4 0.00 
Aquificae 3 0.00 
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Table S2 continued 
X.Thermi. 2 0.00 
GOUTA4 2 0.00 
WS4 2 0.00 
NC10 1 0.00 
Deferribacteres 0 0.00 
GN02 0 0.00 
Total 1863000 100.00 
1
For Proteobacteria, sub-phyla are listed 
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Table S3. Descriptive statistics of rare phyla from grassland and cultivated soils. Minimum, maximum and mean values are given, 
along with results from permutation tests assessing the difference between grassland and cultivated soil for each variable.  
Dataset 
Grassland soil Cultivated soil  Permutation test Mean 
fold 
change
+
 Mean Min. Max. Mean Min. Max. F value 
P 
value 
Aquificae 0 0 1 0 0 1 0.0664055 0.777 NA 
Armatimonadetes 13 2 31 27 3 56 215.3463 0.0001 0.5 
BHI80.139 0 0 2 0 0 3 14.70824 0.0001 NA 
BRC1 1 0 8 2 0 11 2.867654 0.09 NA 
Chlamydiae 1 0 7 1 0 9 0.7010567 0.4206 NA 
Chlorobi 10 0 32 20 3 46 112.7991 0.0001 0.5 
Chloroflexi 66 13 157 116 51 222 185.8 0.0001 0.6 
Crenarchaeota 22 1 73 56 6 136 226.2 0.0001 0.4 
Cyanobacteria 6 0 29 41 2 264 95.54041 0.0001 0.1 
Deferribacteres 0 0 0 0 0 0 NA NA NA 
Elusimicrobia 13 1 43 16 0 41 10.74553 0.0012 0.8 
Epsilonproteobacteria 0 0 1 0 0 1 0.8954664 0.402 NA 
Euryarchaeota 0 0 2 0 0 3 0.4707175 0.4767 NA 
FBP 0 0 7 2 0 12 59.36307 0.0001 0 
FCPU426 2 0 10 1 0 8 8.031906 0.0041 2 
Fibrobacteres 2 0 11 1 0 4 41.49212 0.0001 2 
Fusobacteria 0 0 2 0 0 1 1.784698 0.159 NA 
Gemmatimonadetes 93 32 215 157 57 271 171.8 0.0001 0.6 
GAL15 0 0 2 0 0 1 0.3328791 0.5405 NA 
GN02 0 0 0 0 0 0 NA NA NA 
GN04 0 0 3 2 0 17 56.0256 0.0001 0 
GOUTA4 0 0 1 0 0 0 1.375833 0.2428 NA 
NC10 0 0 0 0 0 1 1.464199 0.1607 NA 
 
 
1
3
4
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Table S3 continued 
NKB19 0 0 4 1 0 6 8.52161 0.0033 0 
OD1 15 1 88 5 0 14 88.38252 0.0001 3 
OP11 0 0 3 1 0 5 3.815005 0.0481 0 
OP3 1 0 10 3 0 14 44.37609 0.0001 0.3 
Planctomycetes 145 53 267 150 79 246 0.9546 0.3337 NA 
PAUC34f 0 0 0 0 0 2 5.363176 0.0142 NA 
SBR1093 0 0 0 0 0 2 6.820666 0.0046 NA 
Spirochaetes 3 0 24 2 0 14 15.5618 0.0001 1.5 
SR1 0 0 0 0 0 2 3.96875 0.0168 NA 
TA18 1 0 5 1 0 8 0.5638493 0.4545 NA 
Tenericutes 1 0 12 1 0 7 1.749439 0.1874 NA 
TM6 9 0 35 6 0 17 20.00773 0.0001 1.5 
TM7 0 0 4 1 0 9 8.296316 0.0036 0 
WPS.2 1 0 7 0 0 5 22.61247 0.0001 NA 
WS2 0 0 2 0 0 2 0.8609674 0.2943 NA 
WS3 28 3 144 29 4 101 0.2194495 0.6424 NA 
WS4 0 0 0 0 0 1 2.957108 0.1165 NA 
X.Parvarchaeota. 0 0 2 0 0 5 6.535273 0.0094 NA 
X.Thermi. 0 0 0 0 0 2 1.464199 0.2512 NA 
X0 2 0 6 2 0 15 0.0915647 0.7822 NA 
Zetaproteobacteria 0 0 1 0 0 2 1.389844 0.1835 NA 
 
 
 
 
1
3
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Supplementary Figure Captions 
 
Figure S8. Wavelet correlations (), with 95% confidence intervals (°) for Shannon’s H’ and 
soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable ammonium, 
(d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
 
Figure S9. Wavelet correlations (), with 95% confidence intervals (°) for β-diversity and 
soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable ammonium, 
(d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
 
Figure S10. Wavelet correlations (), with 95% confidence intervals (°) for net relatedness 
index and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
 
Figure S11. Wavelet correlations (), with 95% confidence intervals (°) for Firmicutes 
abundance and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
 
Figure S12. Wavelet correlations (), with 95% confidence intervals (°) for 
Gammaproteobacteria abundance and soil properties. (a) Dissolved organic carbon, (b) soil 
moisture, (c) extractable ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total 
soil carbon. 
 
Figure S13. Wavelet correlations (), with 95% confidence intervals (°) for Nitrospirae 
abundance and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
 
Figure S14. Wavelet correlations (), with 95% confidence intervals (°) for Verrucomicrobia 
abundance and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
 
Figure S15. Wavelet correlations (), with 95% confidence intervals (°) for acid phosphatase 
activity and microbial variables. (a) Microbial biomass C, (b) 16S rRNA gene abundance, (c) 
richness, (d) Shannon’s H’, (e) β-diversity, (f) net relatedness index, (g) Acidobacteria, (h) 
Actinobacteria, (i) Bacteroidetes, (j) Firmicutes, (k) Alphaproteobacteria, (l) 
Betaproteobacteria, (m) Deltaproteobacteria, (n) Gammaproteobacteria, (o) Verrocomicrobia. 
 
Figure S16. Wavelet correlations (), with 95% confidence intervals (°) for beta glucosidase 
activity and microbial variables. (a) Microbial biomass C, (b) 16S rRNA gene abundance, (c) 
richness, (d) Shannon’s H’, (e) β-diversity, (f) net relatedness index, (g) Acidobacteria, (h) 
Actinobacteria, (i) Bacteroidetes, (j) Firmicutes, (k) Alphaproteobacteria, (l) 
Betaproteobacteria, (m) Deltaproteobacteria, (n) Gammaproteobacteria, (o) Verrocomicrobia. 
 
Figure S17. Wavelet correlations (), with 95% confidence intervals (°) for N-acetyl 
glucosaminidase activity and microbial variables. (a) Microbial biomass C, (b) 16S rRNA 
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gene abundance, (c) richness, (d) Shannon’s H’, (e) β-diversity, (f) net relatedness index, (g) 
Acidobacteria, (h) Actinobacteria, (i) Bacteroidetes, (j) Firmicutes, (k) Alphaproteobacteria, 
(l) Betaproteobacteria, (m) Deltaproteobacteria, (n) Gammaproteobacteria, (o) 
Verrocomicrobia. 
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Supplementary Figures 
 
Figure S1. Multi-resolution analyses using the MODWT transform of variables excluded for 
further wavelet analysis (a) total soil nitrogen, (b) microbial biomass nitrogen, and (c) β-
diversity, Jaccard’s index . In each case the finest scale (2-m) coefficients are at the bottom 
and coarse scale coefficients (64-m) are at the top. Points 1-150 represent the grassland soil, 
points 150-170 represent the transition between land uses, and points 170-256 represent the 
cultivated soil.  See text justification of data exclusion. 
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Fig. S2 Acid phosphatase activity 
 
Figure S2. Wavelet correlations (), with 95% confidence intervals (°) for acid phosphatase 
activity and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S3 β-glucosidase activity 
 
 
Figure S3. Wavelet correlations (), with 95% confidence intervals (°) for beta glucosidase  
activity and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S4 N-acetyl glucosaminidase activity 
 
Figure S4. Wavelet correlations (), with 95% confidence intervals (°) for N acetyl 
glucosaminidase activity and soil properties. (a) Dissolved organic carbon, (b) soil moisture, 
(c) extractable ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil 
carbon. 
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Fig. S5 Microbial biomass carbon 
 
Figure S5. Wavelet correlations (), with 95% confidence intervals (°) for microbial biomass 
carbon and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S6 16S rRNA gene abundance 
 
Figure S6. Wavelet correlations (), with 95% confidence intervals (°) for 16S rRNA gene 
abundance and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S7 Richness 
 
Figure S7. Wavelet correlations (), with 95% confidence intervals (°) for richness and soil 
properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable ammonium, (d) 
extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S8 Shannon’s H’ diversity index 
 
Figure S8. Wavelet correlations (), with 95% confidence intervals (°) for Shannon’s H’ and 
soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable ammonium, 
(d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S9 B diversity (Bray-Curtis) 
 
Figure S9. Wavelet correlations (), with 95% confidence intervals (°) for β-diversity and 
soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable ammonium, 
(d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S10 Net relatedness index 
 
Figure S10. Wavelet correlations (), with 95% confidence intervals (°) for net relatedness 
index and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
 
 
  
NRI
DOC Moisture
NH3 No3
pH SiltClay
TC
-1.0
-0.5
0.0
0.5
1.0
24 8 16 32 64
Scale (m)
C
o
rr
e
la
ti
o
n
-1.0
-0.5
0.0
0.5
1.0
24 8 16 32 64
Scale (m)
C
o
rr
e
la
ti
o
n
-1.0
-0.5
0.0
0.5
1.0
24 8 16 32 64
Scale (m)
C
o
rr
e
la
ti
o
n
-1.0
-0.5
0.0
0.5
1.0
24 8 16 32 64
Scale (m)
C
o
rr
e
la
ti
o
n
-1.0
-0.5
0.0
0.5
1.0
24 8 16 32 64
Scale (m)
C
o
rr
e
la
ti
o
n
-1.0
-0.5
0.0
0.5
1.0
24 8 16 32 64
Scale (m)
C
o
rr
e
la
ti
o
n
-1.0
-0.5
0.0
0.5
1.0
24 8 16 32 64
Scale (m)
C
o
rr
e
la
ti
o
n
NONE
 a. Dissolved organic carbon                                     b. Soil moisture
c. Extractable ammonium                                       d. Extractable nitrate
e. pH                                                                        f. % Silt + Clay
g. Total soil carbon
  
148 
Fig. S11 Firmicutes abundance 
 
Figure S11. Wavelet correlations (), with 95% confidence intervals (°) for Firmicutes 
abundance and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S12 Proteobacteria, gamma sub-phyla, abundance 
 
Figure S12. Wavelet correlations (), with 95% confidence intervals (°) for 
Gammaproteobacteria abundance and soil properties. (a) Dissolved organic carbon, (b) soil 
moisture, (c) extractable ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total 
soil carbon. 
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Fig. S13 Nitrospirae abundance 
 
Figure S13. Wavelet correlations (), with 95% confidence intervals (°) for Nitrospirae 
abundance and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S14 Verrucomicrobia abundance 
 
Figure S14. Wavelet correlations (), with 95% confidence intervals (°) for Verrucomicrobia 
abundance and soil properties. (a) Dissolved organic carbon, (b) soil moisture, (c) extractable 
ammonium, (d) extractable nitrate, (e) pH, (f) % silt + clay, (g) total soil carbon. 
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Fig. S15 Acid phosphatase activity 
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Fig. S15 continued Acid phosphatase activity 
 
Figure S15. Wavelet correlations (), with 95% confidence intervals (°) for acid phosphatase 
activity and microbial variables. (a) Microbial biomass C, (b) 16S rRNA gene abundance, (c) 
richness, (d) Shannon’s H’, (e) β-diversity, (f) net relatedness index, (g) Acidobacteria, (h) 
Actinobacteria, (i) Bacteroidetes, (j) Firmicutes, (k) Alphaproteobacteria, (l) 
Betaproteobacteria, (m) Deltaproteobacteria, (n) Gammaproteobacteria, (o) Verrocomicrobia. 
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Fig. S16 B-glucosidase activity 
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Fig. S16 continued B-glucosidase activity 
 
Figure S16. Wavelet correlations (), with 95% confidence intervals (°) for beta glucosidase 
activity and microbial variables. (a) Microbial biomass C, (b) 16S rRNA gene abundance, (c) 
richness, (d) Shannon’s H’, (e) β-diversity, (f) net relatedness index, (g) Acidobacteria, (h) 
Actinobacteria, (i) Bacteroidetes, (j) Firmicutes, (k) Alphaproteobacteria, (l) 
Betaproteobacteria, (m) Deltaproteobacteria, (n) Gammaproteobacteria, (o) Verrocomicrobia. 
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Fig. S17 N-acetyl glucosaminidase activity 
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Fig. S17 continued N-acetyl glucosaminidase activity 
 
Figure S17. Wavelet correlations (), with 95% confidence intervals (°) for N-acetyl 
glucosaminidase activity and microbial variables. (a) Microbial biomass C, (b) 16S rRNA 
gene abundance, (c) richness, (d) Shannon’s H’, (e) β-diversity, (f) net relatedness index, (g) 
Acidobacteria, (h) Actinobacteria, (i) Bacteroidetes, (j) Firmicutes, (k) Alphaproteobacteria, 
(l) Betaproteobacteria, (m) Deltaproteobacteria, (n) Gammaproteobacteria, (o) 
Verrocomicrobia. 
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CHAPTER 6 
GENERAL CONCLUSIONS 
The four preceding chapters have all highlighted how plant and edaphic factors shape 
microbial communities and their activity in an Iowa agroecosystem. Two of the chapters 
quantified microbial response to a perennial bioenergy cropping system across a topographic 
gradient and one chapter compared the spatial patterning of microbial communities across six 
spatial scales in cultivated soil and uncultivated perennial grassland. The fourth chapter 
assessed changes to the method used to measure microbial enzyme activity. 
As described in Chapter 2, microbial extracellular enzyme activity, respiration and 
net N mineralization changed in response to a perennial cropping system mid-summer (peak 
aboveground biomass), but were not linked to changes in microbial biomass. That is, we 
observed a shift in community-level microbial physiology. We sampled soil from annual and 
perennial bioenergy cropping systems on three landscape positions in spring, mid-summer 
and later summer 2011 and found no effect of landscape position on microbial activity and 
no effect of cropping system or landscape position on microbial biomass. Overall, this 
research demonstrated that perennial cropping systems can affect the microbial community 
activity, yielding communities with greater N retention and greater rates of decomposition as 
a result of allocation of resources towards enzyme production, including the acquisition of N 
from organic sources (“N mining”). Although not explicitly shown in this experiment, we 
attribute this temporally dynamic response to root C inputs from the perennial crop. 
Chapter 3 reported a modification to the standard ecological method used to measure 
extracellular enzyme activity. Due to high analytical variability, we devised a method that 
enables continuous mixing during the assay incubation. We found that, for mineral soils, this 
modification reduces analytical variability to such an extent that we were able to detect 
biologically meaningful differences between replicate plots in our field experiment (Chapter 
2). The modification did not, however, improve analytical variation in organic soils, a result 
we attribute to a lack of soil particles in organic soils. This modification is useful for 
increasing measurement precision for soils with high analytical variation. We acknowledge 
that the experimental design to test this modification was not full-factorial and thus precludes 
us from teasing apart the mechanism responsible for these findings. To explicitly test the 
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effect of mixing on analytical variability, follow-up studies should include a treatment with 
thoroughly mixed large volumes in multiple vessels. 
Chapter 4 expanded on questions that arose as a result of Chapter 2. Foremost: if not 
abundance, what other factors caused the observed shifts in microbial activity? We deep 
sequenced the 16S rRNA gene from subsamples of the 2011 soil. Given our hypothesis that 
root inputs stimulated microbial activity mid-summer, we also sequenced from bulk and 
rhizosphere soil sampled mid-summer (peak aboveground biomass) in 2012. This approach 
allowed us to relate previously observed changes in activity to shifts in microbial community 
structure, composition, richness, and diversity. In contrast to activity, we found that 
microbial communities responded consistently to edaphic factors associated with landscape 
position but not cropping system. We also found that seasonal changes in plant-microbe 
interactions enriched the relative amount of rare taxa to perennial and rhizosphere soils and 
four bacterial orders to the rhizosphere soil. Overall, these results demonstrated the 
importance of edaphic factors to determining microbial community composition and 
diversity in these soils, and suggest minor shifts in community composition may be important 
for changes in enzyme activity.  
The contribution of rare species and specific bacterial orders to microbial activity 
warrants additional research, for which I can think of several different approaches. Culture-
based experiments could test the hypothesis that specific rare taxa and members of specific 
bacterial orders affect community activity. Sequencing data could be mined to look for rare 
OTUs or members of the enriched bacterial orders that exhibit putative cellulase activity or 
glucosaminidase activity. Finally, experiments probing changes in transcription rates (e.g. 
RNA-seq) would test for the potential contribution of individual physiology to community 
activity. 
Chapter 5 tackled the issue of variability and scale to the patterning of soil microbial 
communities and activity. We found the spatial complexity of soil microbial communities 
and activity is most pronounced at fine (2-8 m) vs. coarse (16-64 m) scales. Further, that 
cultivation resulted in homogenization of microbial parameters and stochastic community 
assembly of microbial communities. We showed that our ability to predict microbial activity 
depends on scale, and the relative importance of community and phyla abundance varies with 
enzyme. Identifying causal relationships with regressions is not possible, but these findings 
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highlight the importance of scale for our understanding of microbial communities and the 
ecosystem functions they govern. 
The data collected as part of Chapter 5 gives unprecedented depth of sequences 
across a field. The results presented in this dissertation only begin to scratch the surface of 
questions that can be asked. For example, the data could be used to test hypotheses about the 
co-occurrence patterns of microbial groups across spatial scales or contrast the effect of 
spatial scale on finer levels of taxonomic resolution.   
In addition to the future research already described, I can think of four other 
nonexclusive foci for follow-up studies. All of the methods of activity (extracellular 
enzymes, microbial respiration, net N mineralization) that I employed measured potential 
rates. An advantage of these methods is that they are logistically straightforward and 
affordable.  An important next step, however, is to look at in situ rates. For respiration and 
mineralization (both net and gross), this can be done using stable isotopes. Unfortunately, no 
established method for in situ EEA exists, but metatranscriptomics or proteomics could 
provide insights. 
A discussion point that was relevant to both chapters focused on the fertilized 
switchgrass (Chapters 2 and 4) was the effect of chronic N fertilization on microbial 
composition. Given the work (referenced in chapters) showing consistent effects of N 
fertilization on microbial community composition and growth, studies comparing the 
response of microbial communities to fertilized and unfertilized perennial cropping systems 
would help identify the mechanisms responsible for the observed shifts in activity – and lack 
of change of composition and abundance – between the annual and perennial cropping 
systems. Due to previously observed legacy effects of N fertilization, the ideal experimental 
design would also include controls for duration of N load.   
Another pressing area of research highlighted throughout my dissertation is 
rhizosphere-microbe interactions, especially those investigated in the field. While extremely 
challenging, this work is at the frontier of microbial ecology research and may benefit from 
methods already established in forest ecosystems. Priorities for future research should 
identify 1) root and root exudate traits (i.e. identity, quantity, diversity) that have the largest 
or most consistent effects on shaping microbial communities, 2) mechanisms and extent of 
plant impacts on the bulk soil microbiome, and 3) the importance of rhizosphere community 
  
161 
diversity and richness in promoting plant health.  These findings would provide insights into 
positive plant-microbe interactions and ways to enrich beneficial indigenous microbes and, 
thus have significant impact on sustainable agriculture. 
Finally, I recognize that the soil microbial community does not solely consist of 
bacteria (and archaea). In fact, fungi may respond more than bacteria and archaea to 
perennial roots; therefore, additional work is needed to determine if fungal communities 
exhibit responses that parallel the bacterial and archaeal responses observed here. For this 
reason, we are currently testing for differences in fungal community composition (ITS 
barcode sequencing) both at the Landscape Biomass Project and from soil along the spatial 
transect. 
 
 
